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Zusammenfassung
Ziel dieser Arbeit ist die Implementierung und kombinierte Anwendung verschiedener MRT-
Techniken zur Untersuchung der Struktur und Funktion der humanen Skelettmuskulatur.
Insbesondere steht deren Applikation an der Rückenmuskulatur im Vordergrund, um
auf Basis dieser Untersuchungen einen Beitrag zur Ursachenforschung des unspezifischen
- meist chronifizierten - Rückenschmerzes zu leisten. Vor diesem Hintergrund wurden
in der vorliegenden Dissertation dezidierte MR-Pulssequenzen und Bildrekonstruktions-
verfahren entwickelt, welche unter Verwendung der diffusionsgewichteten MR-Bildgebung
(diffusion-weighted imaging, DWI) die 3D-Rekonstruktion der Muskelfaserarchitektur sowie
die Quantifizierung der muskulären Vaskularität ermöglichen. Die Erfassung der Faser-
architektur basiert auf der Diffusionstensorbildgebung (diffusion tensor imaging, DTI) -
einer Weiterentwicklung der DWI - und wurde am Tiermodell anhand sequentiell durchge-
führter in vivo und post mortem Messungen validiert. Anschließend wurde diese Methode
in einer Pilotstudie genutzt, um degenerative Veränderungen bei Patienten nach Wirbel-
säulenoperation zu erfassen. Im zweiten Schritt dieser Arbeit, wurde ein Messprotokoll
zur funktionellen MR-Untersuchung implementiert, welches Messungen vor, während und
nach willkürlicher Muskelkontraktion beinhaltet. Dieses Protokoll sieht weiterhin die App-
likation einer neuartigen perfusionsensitiven DWI-Sequenz sowie optimierten Sequenzen zur
quantitativen T2-gewichteten MR-Bildgebung und ortaufgelösten 31P-MR-Spektroskopie vor,
wobei die beiden letztgenannten Techniken es erlauben, komplexe funktionelle Vorgänge,
wie beispielsweise die des Energiemetabolismus, unter Einfluss einer Belastungssituation
zu untersuchen. Diese funktionellen MR-Messprinzipien werden in der Regel unter dem
Begriff muscle functional MRI (mfMRI) subsumiert und ermöglichen die multi-parametrische
Erfassung unterschiedlicher funktioneller und struktureller Eigenschaften der Muskelphysiolo-
gie. Dies wird in der vorliegenden Arbeit anhand einer gerontologischen Studie demonstriert,
wobei die hierbei gewonnenen Ergebnisse Einblick in zahlreiche altersassoziierte Aspekte der
Rückenphysiologie geben. Zusammenfassend werden in dieser Dissertation verschiedene An-
sätze der MR-Bildgebung und MR-Spektroskopie vorgestellt, die einerseits für grundlagenwis-
senschaftliche Fragestellungen zum unspezifischen Rückenschmerz, andererseits aber auch in
der klinischen Routine zur Untersuchung degenerativer Veränderungen der Skelettmuskulatur
herangezogen werden können.
v

Abstract
The aim of this work is the implementation and combined application of different
MRI-based methods, which facilitate the comprehensive assessment of the skeletal
muscle structure and function. Especially, the application of these MRI techniques
to human back muscles has been put into focus, which may provide deeper insights
into the origin of non-specific - and in most cases chronic - back pain. To this end,
dedicated MRI sequences and quantitative image reconstruction approaches were de-
veloped in this work, which are based on diffusion-weighted imaging (DWI) and enable
the 3D reconstruction of the muscle fiber architecture as well as the assessment of
a surrogate measure of the vascular capacity. The MRI-based reconstruction of the
fiber architecture relies on diffusion tensor imaging (DTI) - an extension of DWI -
and was validated by successive in vivo and post mortem measurements. Afterwards,
this method was employed in a pre-clinical pilot study in order to assess surgery-
related degenerative changes of the back muscles in patients after spinal surgery. In
the second step of this work, functional measurements of the human skeletal muscles,
which means quantitative measurements prior to, during and after muscular loading,
were performed by using a novel perfusion-sensitive DWI sequence as well as optimized
sequence protocols of quantitative T2-weighted MRI and spatially resolved 31P-MR
spectroscopy. The latter two methods allow the quantification of complex physiolog-
ical processes, such as of the high-energy metabolism, during the exercise of skeletal
muscles, and are often subsumed under the term muscle functional MRI (mfMRI).
Combined application of these mfMRI techniques provides multi-parametric evalua-
tion of several structural and functional determinants and, thus, allows comprehensive
characterization of the muscle physiology. In order to demonstrate the capabilities of
the proposed multi-parametric mfMRI approach, a gerontological study is performed
in this work, while the obtained results indicate several age-related aspects of the
human back muscle physiology. Overall, this thesis introduces MR imaging and MR
spectroscopy techniques, which may, on the one hand, contribute to research of low
back pain and, on the other hand, serve as basis of clinical investigations in order to
investigate degenerative processes of skeletal muscles.
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Acronyms and abbreviations
ADC apparent diffusion coefficient
ATP adenosine triphosphate
CSI chemical shift imaging
CK creatine kinase
CP planar index
FA fractional anisotropy
FE finite element
FWHM full width at half maximum
FID free induction decay
FOV field of view
FT Fourier transform
DW diffusion-weighted
DWI diffusion-weighted imaging
DTI diffusion tensor imaging
IVIM intravoxel incoherent motion
mfMRI muscle functional MRI
MHC myosin heavy chains
MRI magnetic resonance imaging
MRS magnetic resonance spectroscopy
NMR nuclear magnetic resonance
PCr phosphorylcreatine
PE phase encoding
PGSE pulsed-gradient spin-echo
PSF point spread function
rf radio frequency
SE spin echo
STE stimulated echo
STEAM stimulated echo acquisition mode
S-EMG surface electromyography
TE echo time
T1 spin-lattice (or longitudinal) relaxation time constant
T2 spin-spin (or transverse) relaxation time constant
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1 Introduction
Skeletal muscles are essential for many mechanical functions and physiological aspects of the
human body, including force generation, actuated movement, glucose uptake and storage, ther-
mogenesis and total body water balance [Damon et al., 2013]. They are specialized to convert
chemical energy into mechanical work: during intense exercise, blood perfusion and metabolic
demand can increase 10- to 100-fold or more, respectively, compared to resting state condi-
tions. Consequently, proper functioning of skeletal muscles has an important impact on human
health and well-being, and any impairment for that matter may result in alterations of muscle
strength and endurance, changes in the associated lipid- and carbohydrate metabolism or even
in immobility [Crane et al., 2010; Csapo et al., 2014].
Skeletal muscles together with bones and joints form the musculoskeletal system of the hu-
man body. The muscle architecture, which is characterized by the macroscopic arrangement of
muscle fibers relative to the axis of force generation (i.e., the pennation angle), represents the
main determinant of a muscle’s mechanical function [Damon et al., 2002a]. Hence, quantitative
description of structural properties, such as of the fiber pennation angle, the fiber length, or
the muscle volume, may help to better understand normal muscular function as well as clinical
manifestations [Lieber and Friden, 2000]. Given the relationship between muscle architec-
ture and mechanical output that originates from the underlying complex muscle recruitment
patterns, it appears both obvious and important to comprehensively characterize muscle struc-
ture and function. Applying non-invasive modalities is promising in this endeavor to obtain
deeper insight of the relationship of both quantities in healthy and diseased states.
Architectural and functional parameters are traditionally assessed by means of 2D ultra-
sound imaging [Fornage, 2000] and surface electromyography (S-EMG) [Hagberg, 1981],
respectively. However, these techniques are not specifically suited to study multiple muscles or
muscle groups because they are limited in their ability to record deeper lying or larger extended
anatomical structures. Alternative, powerful modalities, which elegantly enable non-invasive
investigations of muscle structure and function, are magnetic resonance imaging (MRI) and
magnetic resonance spectroscopy (MRS). Both techniques date back to 1946 in history when pi-
oneering research discovered the nuclear magnetic resonance (NMR) phenomenon which arises
from the interaction of magnetic moments of atomic nuclei with static magnetic fields and
tuned radio frequency excitation [Bloch, 1946; Purcell et al., 1946]. The spatially resolved
mapping of NMR signals is made possible by applying additional magnetic field gradients that
modulate the resonance frequency of atomic nuclei as a function of spatial position [Lauter-
bur, 1973; Mansfield and Grannell, 1973]. The most abundant isotope in biological tissue
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that gives rise to an NMR signal is hydrogen, and tomographic imaging based on 1H-MRI or
proton MRI is nowadays a well-established tool in medical diagnostics. Being indisputably the
superior imaging modality for visualizing anatomical soft tissue features of the human body,
MRI has lately been increasingly used for functional imaging of skeletal muscles.
In addition, with the purpose to study muscle recruitment and activity of metabolites, MRS
has also gained wide-spread interest [Boesch, 2007]. Especially, phosphorus MR spectroscopy
(31P-MRS) introduced in 1974 has been applied in order to detect high-energy phosphate com-
pounds during non-invasive functional measurements of exercising muscles [Hoult et al., 1974].
Since that time, numerous functional 31P-MRS studies have been conducted to investigate the
metabolic aspects of exercising muscle under various conditions including effects of high train-
ing level or different muscular diseases [Bendahan et al., 2004]. Despite being able to provide
specific 3D spatial information, the inherently low sensitivity of 31P-MRS due to the relatively
low abundance of phosphorus compounds in vivo limits the spatial resolution to the cm-range
for typical voxel dimensions during functional examinations. Thus, the recorded signals often
represent a superimposition of signals originating from activated and resting, or less active
muscles, which may complicate the signal interpretation.
Imaging methods based on 1H-MRI are better suited to overcome the spatial resolution
issue. In particular, quantitative imaging of the intrinsic spin-spin relaxation time constant
T2, which primarily determines muscle MRI contrast, has turned out to be a powerful tool in
order to map muscle activation patterns with good spatial resolution. The transient effects
of exercise on T2 values of loaded muscles were first reported in 1988 [Fleckenstein et al.,
1988] and quantitative comparison of their relative involvement in different muscles recruited
during exercise is nowadays well established, while being denoted as muscle functional MRI
(mfMRI) [Meyer and Prior, 2000]. The superior spatial resolution of mfMRI provides a
unique opportunity to study multiple muscles under load conditions and to investigate whether
and which of the target muscles has been used, how effectively it has been activated, and
whether substitution has potentially occurred [Patten et al., 2003]. Mapping of T2 in muscles
has not only demonstrated some of the inaccuracies associated with MRS but has also provided
insight into the relative participation of muscles during specific activities, including, e.g., hand-
grip exercises [Morvan and Leroy-Willig, 1995] or lumbar extensions [Mayer et al., 2005].
Measurements based on mfMRI are sensitive to several of the metabolic and hemodynamic
processes accompanying muscle activation and thus portray the complex functional interplay of
muscle cell metabolism and fluid uptake from the vascular system [Damon and Gore, 2005].
During intense exercise, both the intra-cellular tissue water content and acidity increases lead
to exercise-induced T2 increases [Bendahan et al., 2004; Damon et al., 2002b]. In addition,
increases of blood flow, blood volume, and blood oxygen extraction are supposed to cause blood-
oxygenation level-dependent (BOLD) contrast changes which, in turn, also alter muscle T2
[Damon andGore, 2005;Noseworthy et al., 2003]. Although increased extra-cellular and/or
blood volumes have been hypothesized as contributors to the observed T2 changes by other
authors as well [Ababneh et al., 2008; Morvan and Leroy-Willig, 1995], an unequivocal
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interpretation of the underlying mechanisms of mfMRI is still open to date. Simultaneous
measurements of metabolic, T2 and vascular changes should be able in this context to provide
improved and more comprehensive interpretation of mfMRI data.
One important physical property that is non-invasively accessible by means of NMR and
MRI is the diffusion of water molecules. With the introduction of diffusion-weighted imag-
ing (DWI) in 1985, the quantification of diffusion became possible [Le Bihan and Bre-
ton, 1985]. In an immediate follow-up publication in 1986, intravoxel incoherent motion
(IVIM) imaging was proposed, which refers to a two-compartment model that considers con-
tributions of both diffusion and perfusion to the signal decay observed with DWI [Le Bi-
han et al., 1986]. Part of the work presented in this thesis was driven by recent find-
ings that implied that IVIM employed on modern MRI systems with high field and gradient
strengths can be used to determine vascular volume fractions in perfused organs [Le Bihan,
2008]. Previous IVIM studies in skeletal muscles demonstrated the feasibility of extracting
both diffusion and perfusion properties in the resting and exercised state [Morvan, 1995;
Yanagisawa et al., 2009]. The current work was also motivated by more recent developments
of diffusion tensor imaging (DTI), originally introduced in 1994 and representing an extension
of DWI [Basser et al., 1994], which demonstrated the possibility to assess and visualize the
muscle fiber architecture with great accuracy in 3D in vivo [Damon et al., 2002a]. In par-
ticular, DTI exploits the property that the diffusion of water is largest along the dominant
muscle fiber direction by means of a diffusion tensor which is reconstructed from a series of
diffusion-weighted MR images acquired along non-collinear diffusion-encoding directions. An
eigenvalue analysis of the tensor in each voxel yields the spatially resolved principal axes of dif-
fusion, which are supposed to parallel the local muscle fiber orientation [Napadow et al., 2001;
Van Donkelaar et al., 1999]. Principal diffusion directions of neighboring voxels can then
be combined for 3D fiber tractography [Mori et al., 1999].
The main goal of this thesis has been the development and application of MR-based methods
to assess several aspects of muscle structure and function in a novel, combined way. Specifi-
cally, the work aimed to implement diffusion tensor imaging to study muscular structure and
to determine vascular volume fractions in skeletal muscles by using IVIM-based DWI. In ad-
dition, a protocol was set-up enabling combined 31P-MR spectroscopic, T2 and IVIM-based
mfMRI investigations. This approach required the implementation of the corresponding MR
pulse sequences together with appropriate post-processing procedures for analyzing the data.
The accuracy of the muscle architecture parameters extracted with the implemented DTI se-
quence was assessed by performing an experiment both in vivo and subsequently post mortem
in the same animal. In an attempt to improve our understanding of the mechanisms under-
lying mfMRI, comprehensive functional MRS/MRI and IVIM investigations of human back
muscles were performed in a volunteer study. Furthermore, it was intended to demonstrate
the capability of the implemented mfMRI methods to identify age-related degenerative changes
of muscle structure and function in normal state by comparing two age groups of young and
late-middle-aged healthy subjects.
3
1 Introduction
The thesis is organized as follows: Following this introductory chapter, Chapter 2 provides
a short overview of some essentials of skeletal muscles and the concepts underlying MRI, MRS
and DWI. Chapter 3 describes the implemented DTI sequence, the validation of the muscle
architecture parameters derived in the animal experiment as well as an application study that
investigated the back muscles of a volunteer group after surgical vertebrae stabilization using
the sequence. Future applications of muscle DTI are also briefly presented. In Chapter 4, an
overview of existing methods to quantitatively analyze muscle function is presented and the
interrelation of MRS, MRI and IVIM examinations in exercised human back muscles is demon-
strated. This chapter also contains and discusses the results of a study of back muscle exercise
in two healthy age groups of volunteers and closes with an outlook of potential future exami-
nations and required technical developments. Finally, Chapter 5 provides a brief summary of
the presented work.
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2 Fundamentals
2.1 Skeletal muscle
Skeletal muscles serve the most critical mechanical and physiological roles in the body [Damon
et al., 2013]. Important mechanical functions are force generation and actuation of movement,
which are typically accomplished by muscles with different architectural properties. Further-
more, skeletal muscles represent the primary site of glucose uptake and disposal, and they
participate in total body water balance and in the thermoregulatory system. This chapter is
based on excellent reviews of muscle architecture and physiology given by [Lieber and Friden,
2000] and [Barrett et al., 2003], respectively. In particular, the focus is put on important
structural and functional aspects of skeletal muscles, which are relevant for quantitative mfMRI.
2.1.1 Muscle types
There are three basic types of vertebrate muscles:
• Skeletal muscles, which make up the great mass of the somatic musculature and are
attached to the bony skeleton, while being responsible for voluntary movements.
• Cardiac muscles, which are similar to skeletal muscles, but are not under conscious
control, and are found in the walls and histological foundation of the heart.
• Smooth muscles, which are found in the walls of hollow organs, blood vessels, skin
and eye pupils and subserve all internal, involuntary functions (with the exception of the
movements during breathing and the heartbeat).
2.1.2 Muscle architecture
This thesis focuses on investigations regarding skeletal muscles of the human body. They
connect to the skeleton via tendons and form muscle-tendon units that run from a point of
origin to a point of insertion [Damon et al., 2013]. The coordinates of these connections define
the mechanical line-of-action. Two basic architectural sub-types can be distinguished:
• Parallel muscles, which comprise muscle fibers that are oriented along the muscles’ line-
of-action enabling more muscle fibers to be arrayed in series causing their displacements to
add. Thus, this sub-type is designed for high shortening velocities and length excursions.
Prominent examples are the M. biceps brachii and M. sartorius in humans.
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• Pennate muscles, which have fibers with their long axis oriented oblique to the line-of-
action. This allows placing more fibers in parallel, leading to an adding of corresponding
forces. Consequently, pennate muscles, such as the M. gastrocnemius lateralis and M.
vastus lateralis, are optimized for high force production.
Figure 2.1: Hierarchical organization of skele-
tal muscle (schematic illustration taken from
http://classroom.sdmesa.edu/eschmid/chapter8-
zoo145.htm).
In general, skeletal muscles comprise the
same hierarchical organization (see Fig. 2.1).
The whole muscle is surrounded by a sheet
of connective tissue, known as the epimy-
sium, which is formed mainly by collagen
fibers. The muscle belly consists of hun-
dreds of muscle fiber bundles, the so-called
fascicles. These structures are again sur-
rounded by a sheet of connective tissue, the
perimysium. A fascicle itself consists of thou-
sands of muscle fiber cells. These cells show
diameters ranging between 10−100µm and
lengths of up to tens of cm (i.e., 30 cm as
found, for instance, in human thigh mus-
cles). They are covered by a connective tis-
sue sheet, the endomysium, as well as by
capillary and neuronal networks. The fiber
cells are made of about a thousand contrac-
tile protein filaments, the myofibrils, ori-
ented parallel to each other. The myofibrils
consist of a series of sarcomeres, the small-
est functioning unit of contraction, which
are composed of actin and myosin filaments. The sarcomere is responsible for the striated
appearance of skeletal muscles and forms the basic contractile machinery required for muscle
contraction. Due to the parallel arrangement between the tendinous ends, the force of contrac-
tion of these units is additive. The myofibrils are surrounded by structures of the sarcotubular
system, which is made up of a T system and a sarcoplasmic reticulum. In particular, the T
system provides a path for the rapid transmission of action potentials from the cell membrane
to all muscle fibrils, and the sarcoplasmic reticulum is an important store of Ca2+, which is
used for muscle contraction and participates in muscle metabolism [Barrett et al., 2003].
2.1.3 Muscle contraction
The term ’muscle contraction’ encompasses multiple biological processes that result in active
force generation, and is used regardless of whether the muscle-tendon unit shortens (concentric
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contraction), lengthens (eccentric contraction), or does not change in length (isometric contrac-
tion). The muscle contraction itself is triggered by a transient rise in the intra-cellular Ca2+
concentration induced by an action potential, which is a fiber membrane depolarization that is
transmitted along the T system of a muscle fiber cell. The Ca2+ release from the sarcoplasmic
reticulum causes the sarcomere proteins actin and myosin to interact, which, in turn, results
in force generation and muscle displacement [Barrett et al., 2003]. According to the cross-
bridge theory of muscle contraction it is assumed that the muscle force is generated by a cyclic
formation of cross-bridges between actin and myosin filaments [Huxley, 1957], in which the
myosin filament heads bind to the actin filament at specific sites (forming cross-bridges) and
pull the latter by head rotation [Huxley, 1969].
2.1.4 Muscular energy supply
The chemical potential energy of adenosine triphosphate (ATP) provides the energy for the
actin-myosin interaction (hydrolyzing one ATP during one cycle) and maintenance of the ion
gradients [Barrett et al., 2003]. ATP is resynthesized by an increased flux through the
creatine kinase (CK), glycolytic and oxidative phosphorylation reactions. It is assumed that
all physical activities derive their energy from each of these energy-supplying processes, which
contribute sequentially but in a temporally overlapping manner to the energy demands caused
by the exercise [Gastin, 2001]. Contrary to the anaerobic system, including the CK reaction
and anaerobic glycolysis, both of which are capable of responding immediately to an energy
demand, the aerobic system (aerobic glycolysis, oxidative phosphorylation) responds more
slowly and does not contribute significantly to short-term performances (Fig. 2.2).
Figure 2.2: Relative contributions of
the CK reaction (ATP-PCr), gly-
colytic and aerobic energy pathways
to the total energy supply dur-
ing 90 seconds of an all-out cy-
cle exercise (taken from [Gastin,
2001]). The energy supply is given
in oxygen equivalents basically de-
rived from VO2 measurements and
was determined for two differently
trained groups of six male sprint-
trained cyclists (mean maximal oxy-
gen uptake VO2max = 58 ml/kg/min)
and eight endurance-trained triath-
letes (VO2max = 65 ml/kg/min).
In order to match the demand and supply of oxygen during sustained efforts, increased
blood flow is required. Consequently, blood vessels in the muscle dilate during exercise, which
is induced by extracellular concentration changes of metabolic products [Barrett et al., 2003].
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This process of vasodilation regulated by muscle metabolism influences the muscular micro-
circulation [Krix et al., 2010], while blood flow and the concomitant available O2 supply
are increased until the energy needs are met by the aerobic processes [Barrett et al., 2003].
However, during muscular exertion the aerobic resynthesis of the energy stores can not keep pace
with their utilization, and phosphorylcreatine (PCr), an energy-rich phosphate compound that
supplies this needed energy for short periods, is then still used to resynthesize ATP through the
CK reaction [Gastin, 2001]. In addition, part of the ATP synthesis is accomplished by utilizing
the energy released by the anaerobic breakdown of glucose to lactate (anaerobic glycolysis).
This anaerobic pathway is, however, self-limited because despite rapid diffusion of lactate into
the bloodstream, enough of it accumulates in the muscles to eventually exceed the capacity of
the tissue buffers and produce an enzyme-inhibiting decline in pH. A more detailed description
of the various reactions involved in the supply of energy to skeletal muscle will be given later
in this work.
2.1.5 Motor unit and fiber types
Most muscles contain a mixture of different fiber types, while their differences stem from
differences in the proteins within them. The vast majority of these proteins are encoded by
multigene families. For instance, ten different isoforms of the myosin heavy chains (MHCs)
have been characterized [Barrett et al., 2003]. The pattern of gene expression within a muscle
cell is governed by the firing pattern of its single motor neuron. The motor neurons branch
within their target muscle, thereby controlling several muscle fibers, known as a motor unit.
For example, the high precision eye muscles have only a few fibers in each motor unit, whereas
skeletal back muscles comprise thousands of fibers within each unit. Thus, all muscle cells in
a motor unit contract in unison and belong to the same fiber type specialized for particular
tasks. The following fiber types are commonly defined [Barrett et al., 2003]:
• Type 1 or slow oxidative fibers have a slow contraction speed, a low myosin ATPase
activity and are rich in mitochondria. These cells are built for aerobic metabolism yielding
high resistance to fatigue and high specialization for steady, continuous activities. Their
motor neurons are often active with a low firing frequency and the cells are thin with
a good capillary supply for efficient gas exchange. Fat represents the major source of
energy for these cells.
• Type 2a or fast oxidative-glycolytic fibers have a fast contraction speed, a high
myosin ATPase activity and are rich in mitochondria. They are mainly built for aerobic
metabolism and are very resistant to fatigue. During muscular loading they are progres-
sively recruited when additional effort is required, while the motor neurons show bursts
of intermittent activity. These cells are thin with a good capillary supply and can use
either glucose or fat as an energy source.
• Type 2b or fast glycolytic fibers have a fast contraction speed, a high myosin ATPase
8
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activity and only few mitochondria. They generate ATP by the anaerobic fermentation of
glucose to lactic acid and thus fatigue quickly. They are only recruited for brief maximal
efforts with motor neurons transmitting occasional bursts of very high frequency impulses.
These fiber cells are large and show only limited capillary supply that slows the delivery
process of oxygen and removal of waste products.
2.2 Magnetic resonance imaging
This section briefly introduces the basic principles of signal formation in magnetic resonance
imaging (MRI) and magnetic resonance spectroscopy (MRS). The last part focuses on the
diffusion-weighted MRI technique, which is of particular interest with respect to the present
work. More detailed explanations regarding MR physics and many different available MR pulse
sequences can be found in the literature [Haacke et al., 1999; Bernstein et al., 2004].
2.2.1 Nuclear magnetic resonance
Magnetic moment and macroscopic magnetization
The wide range of MR methods has its origin in the interaction between elementary nuclear
particles and externally applied magnetic fields by utilizing the fundamental principle of nuclear
magnetic resonance (NMR). The NMR effect relies on quantum mechanics and the existence
of an intrinsic angular momentum or spin ~I that is immanent to all atomic and subatomic
particles with a spin quantum number I other than 0 [Bloch, 1946; Purcell et al., 1946].
Such atomic nuclei possess a nuclear magnetic dipole moment ~µ, which interacts with an
external static magnetic field ~B0 and is given by
~µ = −γ · ~I, (2.1)
where the gyromagnetic ratio γ denotes the isotope-specific proportionality constant between
the two quanitities ~µ and ~I (Tab. 2.1). The interaction between an individual magnetic moment
~µ and ~B0 leads to a precession of ~µ around ~B0 with the characteristic Larmor frequency
~ωL = γ · ~B0. (2.2)
When an ensemble of randomly distributed spins is placed in a strong external static magnetic
field ~B0, such as typically produced by a superconducting coil, the direction of their rotation
axes will be affected and the spins will align parallel or anti-parallel with respect to ~B0. Since
the magnitude and the direction of ~I, and thus of ~µ, are both quantized, this alignment of the
magnetic moments is associated with different discrete energy levels, which are separated by
an energy difference ∆E (described by the Zeeman effect). According to the laws of thermody-
namics, the number of spins in the lower energy level (parallel spins) slightly outnumbers the
number of spins in the upper level (anti-parallel spins). In thermal equilibrium the population
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Table 2.1: List of isotopes that are relevant for NMR experiments (taken from [Haacke et al.,
1999]) and [Reiser and Semmler, 2002]).
Isotope I γ [MHz/T] natural abundance [%] abundance in vivo ωL at 3 T [MHz]
1H 1/2 42.58 99.985 88 M 127.7
19F 1/2 40.08 100.00 4 µM 120.2
23Na 3/2 11.27 100.00 80 mM 33.8
31P 1/2 17.25 100.00 75 mM 51.8
of the states follows the Boltzmann statistics, which in the case of a two-level system (such as,
e.g., the proton) leads to
N− 12
N+ 12
= e−
∆E
kT , (2.3)
where N− 12 represents the number of spins in the upper energy level, N+ 12 the number of
spins in the lower energy level, k = 1.38066 · 10−23 JK is the Boltzmann constant and T is the
absolute temperature in Kelvin. Hydrogen nuclei in human tissue (T = 310 K) investigated at
B0 = 3 T show a ratio between N− 12 and N+ 12 of ≈ 0.99998024 indicating that only 20 ppm
more hydrogen spins are oriented parallel than anti-parallel with respect to ~B0. However,
due to the large number of nuclei usually encountered in MRI, this small excess of parallel
oriented spins nevertheless produces a detectable net (macroscopic) magnetization ~M0. In
thermodynamic equilibrium ~M0 has only a longitudinal, non-zero component ~Mz (parallel to
~B0) but no transverse macroscopic magnetization component ~Mxy, which is due to the uniform
distribution of the individual phase angles of the precessing spins (phase incoherence).
Magnetic resonance excitation
In order to assess the macroscopic magnetization ~M0, a transverse magnetization component
~Mxy is necessary, which rotates with ~ωL in the transverse xy-plane. The formation of ~Mxy
requires phase coherence of precessing spins and can be achieved by an additional interaction
with an oscillating magnetic radio frequency (rf) field ~B1(t). This rf field has to be applied
perpendicularly to ~B0 with an excitation frequency ωrf that matches the Larmor frequency ωL
of the spins (thus fulfilling the resonance condition ωrf = ωL):
~B(t) = ~B0 + ~B1(t) =

0
0
B0
+

B1 · cos(ωL · t)
B1 · sin(ωL · t)
0
 . (2.4)
The magnetic rf field induces transitions between the spin states until the occupation numbers
are either identical (90◦ rf pulse) or inverted (180◦ rf pulse). In addition, irradiation of a 90◦
rf pulse results in a phase synchronization of the nuclear magnetic moments of the sample and
thus yields a macroscopic ~Mxy. From the macroscopic point of view, ~B1(t) exerts a torque on
10
2.2 Magnetic resonance imaging
the magnetization, which turns the magnetization vector ~M away from its orientation along
the ~B0 axis. The description of this temporal evolution of ~M is provided in mathematical form
by the Bloch equations [Bloch, 1946]:
d ~M(t)
dt = ~ωL ×
~M(t) = γ · [ ~M(t)× ~B(t)] = γ ·
 ~M(t)×

B1 · cos(ωL · t)
B1 · sin(ωL · t)
B0

 . (2.5)
The ~B1-induced directional change of the main orientation of the precessing ~M with respect
to the z-axis is characterized by the rf flip angle α, which depends on the ~B1 pulse magnitude
and the duration t:
α = ωL · t = γ ·
∣∣∣ ~B1∣∣∣ · t. (2.6)
In the case of a 90◦ rf pulse, ~M is tilted completely into the transverse plane and the magni-
tude of generated transverse magnetization ~Mxy equals the magnitude of ~Mz in the thermal
equilibrium state. Contrary, in the case of an 180◦ rf pulse, ~M is inverted and points along the
negative z-axis:
Mxy = M0 · sinα , (2.7)
Mz = M0 · cosα . (2.8)
Relaxation and signal detection
With the ~B1 field being switched off, the magnetization starts to return to thermal equilib-
rium. The dynamics of this process can be again described phenomenologically by the Bloch
equations, which are now extended by additional first order relaxation terms [Bloch, 1946]:
dMx(t)
dt = γ · [
~M(t)× ~B(t)]x − Mx(t)
T2
(2.9)
dMy(t)
dt = γ · [
~M(t)× ~B(t)]y − My(t)
T2
(2.10)
dMz(t)
dt = γ · [
~M(t)× ~B(t)]z − Mz(t)−M0
T1
. (2.11)
The parameters T1 and T2 denote the longitudinal and transverse relaxation time constants,
which characterize the medium-specific effects of spin interactions with the environment (the
so-called lattice) and among the spins themselves, respectively. The longitudinal time con-
stant T1 is thus also known as the spin-lattice relaxation time constant and is a measure of the
time required for the longitudinal magnetization Mz after having been tilted to the transverse
plane to recover in its thermal equilibrium state M0:
Mz(t) = M0
(
1− e− tT1
)
. (2.12)
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The transverse time constant T2, also called spin-spin relaxation time, is a measure of
the temporal evolution of dipole-dipole interactions, which cause variations of the precessing
frequencies of the spin isochromates. As a consequence, isochromates lose their initial phase
coherence, which, in turn, results in a gradual loss of the net transverse magnetization Mxy,
i.e. signal dephasing. This process depends on intrinsic factors, such as, e.g. size of molecules
or tissue type, and follows in many instances an exponential decay after excitation
Mxy(t) = Mxy(t = 0) · e−
t
T2 . (2.13)
In practice, the effective transverse relaxation time, however, is shorter due to existing main
field inhomogeneities, which accelerate the dephasing process. The effective time constant T ?2
describes the actual decay of the transverse magnetization and follows the relation
1
T ?2
= 1
T2
+ 1
T ,2
(2.14)
with T ,2 representing the external field induced effects. The resulting time course of the signal
S(t) is named free induction decay (FID) and is given by:
Mxy(t) = Mxy(t = 0) · e
− t
T?2 . (2.15)
After rf irradiation generated by a transmit coil, the transverse component of the precessing
magnetization vector ~M can be measured with rf receiver coils. According to Faraday’s law of
induction an electromotive force is induced in the rf coils due to the time-varying (oscillating)
magnetic field of ~M . The alternating voltage induced in the receiver coils is measured, ampli-
fied, filtered and digitized (using an analog-digital-converter, ADC). The measured MR signal
S(t) has the form of a damped oscillation: oscillating with ωL and decaying with T ?2 . Its initial
amplitude is proportional to the number of the excited spins in the sample. The time domain
data S(t) can be analyzed by means of the Fourier transform (FT) that yields the complex
spectrum of the probed MR signal (frequency domain):
I(ω) =
∫ +∞
−∞
S(t) · e−iωtdt. (2.16)
The resulting Fourier spectrum has its center at the Lamor frequency and its full width at half
maximum (FWHM) is related to T ?2 (∆ω = 2/T ?2 ).
2.2.2 Spatial encoding of the MR signal
In order to obtain magnetic resonance images or localized NMR spectra it is necessary to de-
termine the spatial location of the measured signal in a volume. To this end, spatial encoding
has to be applied. In general, this is accomplished by spatially selective excitation of the mag-
netization followed by subsequent spatial encoding of the MR signal using additional magnetic
12
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(a) FID and T ?2 signal decay
L
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Figure 2.3: Free induction decay (FID) signal and its Fourier spectrum, which is characterized
by the Larmor frequency ωL and the intensity I (the latter defined by the area under the
spectrum; illustration adapted from [Reiser and Semmler, 2002]).
field gradients [Lauterbur, 1973; Mansfield and Grannell, 1973]. Therefore, the static
magnetic field ~B0 = (0, 0, B0)T is transiently superposed with a linearly varying field produced
by gradient coils, which generate a linear field gradient ~G = (Gx, Gy, Gz)T:
Gx =
dBz
dx , Gy =
dBz
dy , Gz =
dBz
dz . (2.17)
There are three sets of gradient coils built into an MRI scanner, one for each spatial direction.
The magnitudes of the applied linear field gradients Gx, Gy and Gz determine the degree of the
induced spatial variation of the z-component of the B0-field. This implies that spins at differ-
ent spatial locations (x,y,z) can in principle be distinguished by means of their characteristic
Larmor frequencies (based on Eq. 2.2):
ωL(x, y, z) = γ · (B0 +Gxx+Gyy +Gzz). (2.18)
Slice selection
Applying an rf pulse with the bandwidth ∆ωL and a linear field gradient, e.g., in z-direction
(Bz = Gzz), enables selective excitation of the magnetization within a slice of thickness ∆z:
∆z = ∆ωL · (γGz)−1 (2.19)
Thus, in the presence of a slice-selective gradient the resonance frequency becomes spatially
dependent along the z-axis with
ωL(z) = ω0 + γ ·Gzz. (2.20)
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L
L
Figure 2.4: Slice-selective spatial encoding by applying a gradient field Gz in z-direction
during rf excitation with a sinc-shaped rf pulse. Thereby, only magnetization in the spatial
range z0 − ∆z2 ≤ z ≤ z0 + ∆z2 is excited (adapted from [Haacke et al., 1999]).
Magnetization adjacent to the selected slice, whose Larmor frequencies does not match the
bandwidth of the rf pulse, is not excited and does not contribute to the MR signal. According
to Eq. 2.19, the slice thickness can be adjusted by varying the strength Gz or the bandwidth
∆ωL (Fig. 2.4). To obtain a rectangular slice profile, ∆ωL has to match the corresponding
resonance frequencies. Since the slice profile in the frequency domain corresponds to the FT
of the rf pulse envelope (at least in the low flip angle regime), a uniform slice profile with a
rectangular frequency bandwidth is generated by a sinc-shaped rf pulse.
Frequency encoding
Image formation, for instance, is based on frequency encoding, which is performed during signal
readout by applying a time-invariant linear field gradient in x-direction Bx = Gxx. Thus, the
precession frequency of the excited magnetization depends on the location along the x-direction
ωL(x) = ω0 + γ ·Gxx. (2.21)
Hence, the recorded signal during the readout time contains different frequencies, which allows
the assignment of the signal along the x-axis (illustrated in Fig. 2.5).
Phase encoding
Phase encoding (PE) is accomplished by a linear gradient By = Gyy in y-direction, which is
applied for a fixed time ty after selective excitation and prior to the signal readout. Under the
effect of this PE gradient, magnetization at position y advances by the phase angle
φ(y) = φ0 + γ ·Gyy · ty. (2.22)
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Figure 2.5: Principle of frequency encoding, where the signal amplitude is related to the
number of excited spins and its oscillating frequency linearly depends on the x-position. The
acquired signal is given by the superposition of all contributing signals at different locations
along the x-axis and the bandwidth of the sum signal depends on the applied gradient strength.
Therefore, all magnetization components contribute to the detected MR signal with the same
frequency but with differing phases φ(y). In order to achieve spatial encoding in the PE
direction, the selected MR sequence is repeated N times with different spatial frequencies kn =
n(γ∆Gyty) = n∆k (1 ≤ n ≤ N). In 3D imaging, the volume may be separated into partitions
by using a second phase encoding gradient along the slice encoding axis. The advantage of
3D imaging compared to 2D imaging is that it allows the acquisition of thinner contiguous
slices because in 2D imaging the SNR is lower and the imperfect slice selection profile due to
truncation of the rf pulse often requires a gap between neighboring slices.
2.2.3 k-space and image reconstruction
The measured MR signal from the sample S(x, y, z) is spatially encoded in three dimensions
and recorded as a 3D complex-valued data array, s(kx, ky, kz), known as k-space:
s(kx, ky, kz) =
∫
x
∫
y
∫
z
S(x, y, z) · e−i·2pi·(kxx+kyy+kzz)dxdydz, (2.23)
where kx, ky and kz represent the spatial frequencies, which are defined by the temporal
characteristics of the gradients applied in each particular direction after rf excitation (t = 0):
kx = γ ·
∫ t
0
Gx(t) dt, ky = γ ·
∫ t
0
Gy(t) dt, kz = γ ·
∫ t
0
Gz(t) dt. (2.24)
The image volume S(x, y, z) is then obtained by inverse FT of the signal in k-space (Fig. 2.6):
S(x, y, z) =
∫
kx
∫
ky
∫
kz
s(kx, ky, kz) · ei·2pi·(kxx+kyy+kzz)dkxdkydkz. (2.25)
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The chronological filling of the k-space (trajectory) is specified by the gradients and can employ
Cartesian, spiral, radial, or propeller-like sampling. In practice, the collected data represent
a discretized and truncated version of s(kx, ky, kz) resulting in several ramifications for the
imaging process. First, sampling of the continuous signal in k-space with equally-spaced dirac-
functions yields an infinite number of copies of the sampled object in the image space. The
displacement of these copies in image space along the particular spatial encoding directions
depends on the distance between two neighboring dirac-functions
∆kx = γ ·Gx ·∆t, ∆ky = γ ·∆Gy · ty, ∆kz = γ ·∆Gz · tz. (2.26)
Therefore, the periodical shifts along each image dimension are given by integer multiples of
the sampling rate n/∆kd (with n ∈ Z; d ∈ x, y, z). According to the Nyquist sampling criterion
overlapping of copies of the sampled object (aliasing) is avoided if the signal contributing parts
of the sample (with spatial dimension wd) are located within the field-of-view (FOV):
FOVd > wd with FOVd =
1
∆kd
. (2.27)
Second, the use of a finite number of sampling points leads to a sampling with a sinc-function
rather than a dirac-function and introduces blurring, which is described by the point spread
function (PSF).
2.3 Diffusion-weighted imaging
2.3.1 Brownian motion and diffusion
Diffusion refers to the undirected stochastic thermal motion of molecules or atoms in fluids
and gases due to their thermal energy. This physical phenomenon was first discovered by
Robert Brown in 1827, who observed wondrous random migration of pollen grains under the
microscope [Brown, 1828], and is thus called Brownian motion. It is related to random
translational displacements of molecules (illustrated in Fig. 2.7a) caused by constantly colliding
particles and is strictly to be distinguished from any kind of directional flow of a liquid. In the
presence of thermal energy, a tracer such as a droplet of ink put into water will diffuse into
its surroundings, resulting in spatially and temporally changing tracer concentrations, until
the ink is diluted homogeneously in the water [Reiser and Semmler, 2002]. However, the
phenomenon of diffusion does not necessarily require concentration gradients but may also occur
in mono-molecular media, in which macroscopic concentration gradients are absent (so-called
self-diffusion). A general, quantitative description of diffusion processes was introduced by
[Fick, 1855], who defined in his first law the diffusion coefficient D by relating a concentration
gradient ∇n to a diffusion flux j (i.e. amount of substance per unit area per unit time):
j = −D∇n. (2.28)
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(a) k-space
FT m
(b) MR image
(c) zero filled inner k-space
FT m
(d) MR image with low contrast
(e) zero filled outer k-space
FT m
(f) blurred MR image
Figure 2.6: MR image reconstruction based on k-space data obtained through 3D MRI of
a human head by means of inverse FT. The k-space center includes information about image
brightness and contrast (low spatial frequencies), whilst the outer k-space data determine the
spatial resolution of the object (high spatial frequencies).
Based on the continuity equation
δn(r, t)
δt
+∇j(r, t) = 0, (2.29)
which states that a change in density in any part of the system is due to inflow and outflow of
material into and out of that part of the system [Ursell, 2011], Fick’s second law is formulated
in order to describe the concentration change with time t at position r:
δn(r, t)
δt
= D∇2n(r, t). (2.30)
Assuming a specific number of particlesM as a Dirac function at the origin r = 0, an initial time
point t = 0 and that the medium is isotropic and, thus, the diffusion coefficient directionally
independent, the solution to the diffusion equation (Eq. 2.30) is given by [Einstein, 1905;
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(a) random walk
δ
x
(b) 1D distribution (c) 2D displacement
Figure 2.7: Schematic illustration of Brownian motion and the resulting 1D and 2D Gaussian
distribution of diffusing particles. In 3D space, the particles show so-called isotropic diffusion.
Ursell, 2011]:
n(r, t) = M
(4piDt)3/2
e−
r2
4Dt . (2.31)
It follows that the distribution of the particles is Gaussian with increasing width of the dis-
tribution with time. Considering the distribution only in one dimension x, yields a Gaussian
distribution with the mean of this distribution r = 0 and the standard deviation δx (Fig. 2.7b).
In this case, the mean square displacement of the particles after time T is given by the Einstein
equation [Einstein, 1905]:
δ2x = 〈x2〉1D = 2DT. (2.32)
Hence, the mean square displacement increases linearly with time T (two-dimensional distribu-
tion after a certain T illustrated in Fig. 2.7c). In the case of three-dimensional displacements,
one obtains a mean diffusion distance of:
δ2 = 〈x2〉3D = 6DT. (2.33)
2.3.2 Bloch-Torrey equation
Similar to spatial encoding in MR imaging sequences, diffusion-weighted imaging (DWI) em-
ploys spatially dependent field gradients affecting the spatial distribution of resonance fre-
quencies along the direction of the applied diffusion sensitizing gradient. The influence of the
diffusive motion of the particles on the measured signal can be described by adding a diffu-
sion term to the Bloch equations (Eqs. 2.9-2.11). The resulting Bloch-Torrey equation for an
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isotropic diffusion coefficient D is given by [Torrey, 1956]:
d ~M(t)
dt = γ · [
~M(t)× ~B(t)]−

1/T2 0 0
0 1/T2 0
0 0 1/T1
 ~M +

0
0
1/T1
 ~M0 +∇(D∇ ~M). (2.34)
The time-evolution of the transverse magnetization Mxy(r, t) in the presence of both diffusion
and a magnetic field gradient Bz = B0 + rG(t)zˆ is then given as:
dMxy(r, t)
dt = −iγMxy(r, t) · [B0 + rG(t)]−
Mxy(r, t)
T2
+∇[D∇Mxy(r, t)]. (2.35)
In the absence of diffusion,Mxy(r, t) is exponentially decaying with the characteristic transverse
relaxation time T2. In the presence of field gradients (G(t) 6= 0), the spins are subjected to an
additional precession, and if they also diffuse, Mxy(r, t) is attenuated. According to [Torrey,
1956], the magnitude of the transverse magnetization is defined by:
M(T ) = M(0) · e−D
∫ T
0 [k(t
′)·k(t′)]dt′ , (2.36)
where M(0) corresponds to the unweighted amplitude and k refers to the spatial wave vector
of the field gradients G, which describes the specific time-dependent diffusion gradient shapes
applied during the time interval between t = 0 and t = T (T ; time between excitation and
signal acquisition). The ratio of the weighted (k > 0) and unweighted (k = 0) signal amplitudes
thus depends exponentially on the diffusion coefficient D and on the diffusion weighting of the
MR pulse sequence. The latter is typically described by the b-value [in s/mm2]:
b =
∫ T
0
[k(t′) · k(t′)]dt′ = γ2
∫ T
0
[ ∫ t
0
G(t′)dt′
]2
dt. (2.37)
For free isotropic diffusion, the signal attenuation observed with DWI is therefore given by the
simple mono-exponential function
S(b)
S0
= e−D·b. (2.38)
2.3.3 Concept of DWI
The effect of stochastic molecular motion on MR signal attenuation was first recognized by
Hahn in 1950, who introduced the NMR spin-echo experiment [Hahn, 1950]. A number of
more sophisticated experiments were described in the following years that allowed quantitative
determination of diffusion coefficients [Carr and Purcell, 1954; Torrey, 1956]. In particu-
lar, the pulsed-gradient spin-echo (PGSE) technique was established, which is most commonly
applied in DWI and employs a bipolar diffusion gradient profile [Stejskal and Tanner, 1965].
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Figure 2.8: Rf pulse scheme of the SE sequence (top) and the temporal evolution of the MR
signal (middle) related to the different phases of spin distributions (bottom; visualized based
on a rotating frame around the z-axis and by neglecting T2 relaxation processes; adapted from
[Reiser and Semmler, 2002]). After 90◦ rf excitation, Mxy dephases and decays with the
time constant T ∗2 . The 180◦ rf pulse, which is drawn at twice the height but with the same
width and duration as the 90◦ pulse, mirrors the dephased magnetization vectors resulting
in a regeneration of Mxy after τ2. The denoted spin-echo signal is independent of static B0
inhomogeneities and its magnitude is reduced by the intrinsic T2 signal decay. After TE =
τ1 + τ2, the echo diminishes - as the original FID does - with the time constant T ∗2 .
Spin-echo method and T2 measurement
As explained in section 2.2.1, the temporal decay of Mxy is caused by two effects: fluctuating
local magnetic fields and static spatial inhomogeneities of the magnetic field B0. Consequently,
Mxy does not relax with the substance-specific relaxation time T2 but rather with the effective
time constant T ∗2 . In order to determine T2, the effect of field inhomogeneities has to be
compensated, which can be achieved by means of the Hahn spin-echo (SE) sequence. This
method reverses the T ,2-related phase coherence loss and the signal amplitude thus only depends
on the irreversible stochastic T2 signal loss. The SE experiment is based on a 90◦ rf excitation
followed by magnetization refocusing with a 180◦ rf pulse after half the echo time TE (Fig. 2.8).
At t = 0, the 90◦ rf pulse rotates the initial (longitudinal) magnetizationM0 into the x′y′-plane,
with all magnetization components (isochromates) contributing to the transverse magnetization
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Mxy pointing along one direction. If the magnetic field of the excitation pulse is applied
along the x′-direction in the rotating frame of reference, which precesses with ωL around ~B0,
the initial direction of the Mxy vector corresponds to the y′-axis. Following excitation, the
magnetization components at different positions r begin to precess with different ωL as they
experience different field strengths, which, in turn, leads to a loss of the initial phase coherence:
φ(r, t) = −γ∆B(r)t with 0 < t < τ. (2.39)
This phase shift continues until the application of the 180◦ rf pulse along the x′-axis after the
time interval τ1. The refocusing pulse reverses the sign of the phases and the differently located
spins start to rephase:
φ(r, t) = −γ∆B(r)(t− 2τ) with t > τ. (2.40)
At the time point 2τ (τ = τ1 = τ2), all magnetization components point again in the same
direction (their phase shifts due to static B0 field inhomogeneities are canceled) and generate
again a macroscopic transverse magnetization, called ’spin-echo’. Compared to the initial Mxy
magnitude immediately after the 90◦ rf excitation, the spin-echo magnitude S(0) is attenuated
only according to the irreversible loss of spin phase coherence due to T2 relaxation (Eq. 2.13):
S(TE = 2τ) = S(0) · e−TE/T2 . (2.41)
Pulsed-gradient spin-echo diffusion measurement
The most common approach to measure diffusion is a simple modification of the Hahn spin-echo
pulse sequence, in which identically rectangular gradient pulses (usually referred to as diffusion
gradients) are inserted before and after the 180◦ rf pulse. This method was introduced by
[Stejskal and Tanner, 1965] and is schematically illustrated in Fig. 2.9). The basic idea of
this ’Stejskal and Tanner sequence’ is to measure the Brownian motion as signal attenuation
based on the Bloch-Torrey equation (Eq. 2.34). Therefore, after irradiation of the 90◦ rf pulse
causing the magnetization to precess in the xy-plane, the first gradient pulse of duration δ and
strength G is applied that induces an additional phase shift of the spins (in addition to the
phase dispersion caused by the static inhomogeneities of the main field). The 180◦ rf pulse
applied after time τ1 reverses the sign of the phases and the application of the second gradient
pulse cancels the additional phase shift induced by the first gradient pulse. However, this
process is only reversible if the spins are stationary and thus in the absence of translational
diffusion (intrinsic T2 effects are ignored). If the spins change their position due to stochastic
motion along the direction of the diffusion gradient during the time interval ∆, the additional
phase shift will not be completely refocused, resulting in signal attenuation as given by Eq. 2.38.
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Figure 2.9: PGSE sequence based on Stejskal Tanner method, where the diffusion sensitivity
of the sequence depends on the strength G and duration δ of the gradient pulses as well as
on their temporal separation ∆ (denoted as diffusion time). The second gradient can only
compensate the effect of the first one, if the spins do not move between the both gradients.
In the case of translational stochastic movement, rephasing is incomplete after the second
gradient, resulting in diffusion-dependent signal attenuation of the spin-echo.
Generally, the diffusion weighting of a PGSE sequence is defined by:
b = γ2G2δ2
(
∆− δ3
)
+ 
2
30 −
δ2
6 , (2.42)
where  denotes the ramp times of trapezoidal diffusion gradients. However, since modern
MRI scanners provide high gradient slew rates, like > 100 mT/m/ms (at Gmax ≈ 30 mT/m),
rectangular gradient pulses can be assumed, which, in turn, leads to the following simplified
expression for the b-factor in DWI:
b = γ2G2δ2
(
∆− δ3
)
. (2.43)
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In this chapter, an MR technique is introduced, which enables investigation of the muscle fiber
architecture. The proposed method is based on diffusion tensor imaging (DTI), which repre-
sents an extension of DWI, and provides information about the structural alignment of the
examined tissue. The developed DTI sequence utilizes diffusion signal encoding based on stim-
ulated echo acquisition mode (STEAM) and applies a single-shot (turbo) readout of the k-space
within less than a second. Following the description of the principle concept of turbo-STEAM
DTI (sec. 3.2), this chapter reports an in vivo study, which investigates myo-fiber architecture
parameters, like fascicle lengths and pennation angles, of a rabbit’s hind limb (sec. 3.3). This
study was published in 2014 as an article in NMR in Biomedicine [Hiepe et al., 2014b]. In
addition, the fiber architecture quantities obtained with this animal model were subsequently
evaluated through manual dissection/digitization applied to the same fixated muscle [Schenk
et al., 2013]. The results of this validation study are discussed below (sec. 3.3.4). The next
section documents an initial pre-clinical study, where turbo-STEAM DTI was applied to pa-
tients after posterior spinal fusion in order to identify surgery-related structural changes in back
muscles (sec. 3.4). Finally, future applications of turbo-STEAM DTI are discussed (sec. 3.5).
3.1 Introduction
In bio-mechanical research, sophisticated models are applied to investigate the relationship
between architectural and functional features of complex muscle structures. The major con-
stituents of muscle architecture are the fascicle lengths and pennation angles, which largely
determine muscle function [Lieber and Blevins, 2000]. Information about these structural
parameters can be included into 3D finite element (FE) muscle models to investigate their
influence on muscle deformation and force development [Röhrle et al., 2012b; Siebert et al.,
2012]. However, current FE models are often suffering from simplified and thus unrealistic
muscle architecture definitions by neglecting the complex inner architecture showing fibers
with different lengths and varying pennation angles [Siebert et al., 2015]. This limitation
arises from a lack of adequate methods, which enable non-invasive high-resolution 3D probing
of skeletal muscles and thus allow the characterization of muscle architecture in vivo.
Meanwhile, assessment of fascicle geometry and musculoskeletal anatomy per se became
three-dimensionally possible with several in vivo MR imaging techniques [Blemker et al.,
2007]. In particular, DTI provides valuable information of the muscle fiber arrangement by
relying on the directional dependence of diffusion. It has been demonstrated that FE muscle
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models may indeed benefit from this information [Van Donkelaar et al., 1999]. Generally,
two intrinsic properties of water diffusion in muscle fibers allow DTI to be used to study micro-
and macro-structure of skeletal muscles [Damon et al., 2002a]. The first property refers to
the observation of reduced diffusion coefficient D for muscle tissue compared to the value for
free water, which indicates the existence of barriers to molecular movement in muscle tissue,
such as myofibrils and cell membranes. The second property is that water diffusion in muscle
is anisotropic as early NMR experiments reported ≈ 40% greater D values parallel to the long
axis of the fiber than perpendicular to it [Cleveland et al., 1976]. This anisotropic diffusion
of water can be characterized by means of a diffusion tensor model derived from DTI [Basser
et al., 1994]. A brief description of the DTI method is given in the following section.
3.1.1 Diffusion tensor imaging
The directional dependence of diffusive water movement is modeled at each point in space
(r = [x y z]T) as a second order tensor [Basser et al., 1994]. In the simplest case, the diffusion
tensor D is a 3× 3 symmetric matrix containing diffusion coefficients determined in the x, y,
z, xy, xz, and yz-directions:
D =

Dxx Dxy Dxz
Dyx Dyy Dyz
Dzx Dzy Dzz
 . (3.1)
The symmetric diffusion tensor (i.e. Dij = Dji) is determined voxel-wise by acquiring a se-
ries of diffusion-weighted (DW) images, each with diffusion gradients applied along a different
direction [Bammer et al., 2009;Mori and Barker, 1999]. Furthermore, non-DW image is ac-
quired for reference (to solve the DWI signal equation; eg. 2.38). In practice, the determination
of the diffusion tensor is improved by acquiring more than six directions with the diffusion di-
rections spread isotropically over a sphere. Since any extra encoding direction adds extra time,
a trade-off is sought between the optimum number of non-collinear directions and an acceptable
scan time. To facilitate the interpretation of the tensor information, it is broken down into
single-valued measures that can then be visualized as gray scale maps. To this end, the tensor
D is diagonalized by a standard mathematical matrix operation (singular value decomposition
or eigendecomposition) that rotates the coordinate frame of reference independently into the
principal axes of the tensor [Jolliffe, 1986]. Thereby, eigenvalue and eigenvector matrices
are produced, which contain three eigenvalue/eigenvector pairs:
D = [~ν1 ~ν2 ~ν3]

λ1 0 0
0 λ2 0
0 0 λ3
 [~ν1 ~ν2 ~ν3]T, (3.2)
with the eigenvalues and eigenvectors given by λi and ~vi, respectively (illustrated in Fig. 3.1a).
The subscripts i = 1−3 denote the descending magnitude order of the eigenvalues. These data
describe the characteristics of water diffusion in the tissue, including the degree of diffusion
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(a) Diffusion tensor model (b) DTI-based fiber tracking
Figure 3.1: Schematic illustrations of the tensor model used in DTI and the fiber tracking ap-
proach. The color-coding of the tensors is related to a general definition of color-coding in DTI,
where tensors aligned parallel to right-left, anterior-posterior and proximal-distal directions are
visualized in red, green and blue, respectively.
anisotropy (typically characterized by the scalar metric fractional anisotropy, FA) and the
magnitude and direction of greatest diffusion (λ1 and ~v1, respectively). The FA is defined as
follows:
FA =
√
3
2 ·
√
(λ1 − λ)2 + (λ2 − λ)2 + (λ3 − λ)2√
λ21 + λ22 + λ23
(3.3)
with λ = 13(λ1 + λ2 + λ3), (3.4)
where λ represents the rotationally invariant mean diffusibility (or so-called ’apparent diffusion
coefficient’, ADC). As an extension of DTI, the first eigenvalue/eigenvector pair can be used
for fiber tracking, which tracks the mean diffusion direction of the water molecules in each
voxel (Fig. 3.1b). In general, fiber tractography approaches provide a map of the structural
connectivity within the examined biological tissue by propagating fiber tracts from pre-defined
seed points through integration of the first eigenvectors of neighbored voxels [Mori et al.,
1999]. Typically, the tract propagation is constrained by termination criteria, such as anatom-
ical boundaries, maximal curvature or minimum FA. In order to characterize skeletal muscle
architecture the orientation of the primary eigenvector can be expressed in a given 3D frame
of reference by the polar coordinates (Fig. 3.2), the zenith and azimuth angle [Karampinos
et al., 2009; Karampinos et al., 2012]. The zenith angle θ is defined as the angle between the
first eigenvector ~ν1 and a reference vector ~r:
θ = arccos
(
~r · ~v1
|~r| · |~v1|
)
, (3.5)
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and varies between 0◦ and 90◦. If ~r is oriented along the line-of-action of a particular muscle
the zenith angle corresponds to its pennation angle (Fig. 3.2). The azimuth angle φ is defined
by the angle between the projection of the first eigenvector ~ν1 onto the transverse plane and
the x-axis:
φ =
arctan
(
~ν1y
~ν1x
)
; ~ν1y > 0
arctan
(
~ν1y
~ν1x
)
+ pi; ~ν1y < 0
(3.6)
By computing the angle between the projection of ~ν1 on the xy-plane and the positive or
negative x-axis for eigenvectors with positive or negative y-component, respectively, φ varies
between 0◦ and 180◦. Furthermore, the difference between the secondary and tertiary eigenval-
ues, which characterize diffusion in the plane perpendicular to the main muscle fiber orientation
and are potentially related to the cross-sectional fiber ellipticity, can be analyzed by means of
the planar index CP [Karampinos et al., 2009]:
CP = 2 · λ2 − λ3
λ1 + λ2 + λ3
. (3.7)
3.1.2 DTI of skeletal muscles
Since the diffusion in very elongated muscle fiber cells is greater in the fiber direction than
in others the diffusion tensor may represent the cell geometry within a voxel by yielding a
first eigenvector, which is parallel to the mean fiber orientation [Damon et al., 2002a]. This
hypothesis has been supported by histology-DTI comparisons [Van Donkelaar et al., 1999;
Napadow et al., 2001] and direct anatomic inspections [Damon et al., 2002a]. Recently,
DTI and fiber tractography studies have been used to quantify the pennation angle and fiber
tract length in human calf [Heemskerk et al., 2010; Karampinos et al., 2009; Karampinos
et al., 2012; Schwenzer et al., 2009; Sinha and Sinha, 2011], thigh [Budzik et al., 2007;
Kan et al., 2009] and forearm muscles [Froeling et al., 2012]. In particular, the heterogeneity
of the pennation angle along the muscle was studied, reinforcing the value of a technique having
3D sensitivity and a fixed frame of reference [Lansdown et al., 2007; Napadow et al., 2001].
Furthermore, the heterogeneity in fiber length was documented [Heemskerk et al., 2010] and
rigorous reproducibility studies successfully demonstrated the reliability of the muscle DTI
parameters [Heemskerk et al., 2010; Schwenzer et al., 2009; Sinha and Sinha, 2011].
However, since fiber tracking is not able to differentiate between tendinous (aponeurosis) and
connective tissue (epimysium, endomysium, perimysium), which both separate muscle cells or
muscle compartments, it often results in unrealistically long fiber tracts [Heemskerk et al.,
2010; Khalil et al., 2010; Froeling et al., 2012]. This limitation is mainly caused by the low
spatial resolution typically provided by muscle DTI and which hampers the reliable identifica-
tion of muscle (fiber) boundaries between equally oriented structures. Additionally, and com-
pared to DTI in the brain, muscle DTI reveals lower SNR due to a lower proton density, stronger
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Figure 3.2: Schematic illustration of fascicle orientation patterns in parallel and pennate
muscles and how they can be assessed by means of DTI. The lead eigenvector λ1 of the diffusion
tensor is principally aligned parallel to the main fiber direction and its orientation can be
described by the zenith θ and azimuth angle φ. In the case of parallel alignment of the line-
of-action (defined by the endpoints of tendon 1 and tendon 2) and the reference vector ~r the
zenith angle corresponds to the pennation angle of the muscle. The diffusion in the plane
perpendicular to λ1 is characterized by the second and third eigenvalue and can be used to
determine the planar index CP, which is related to the cross-sectional fiber ellipticity.
T2-related signal attenuation and reduced B0 homogeneity [Steidle and Schick, 2006]. Using
clinical MRI systems, most of the mentioned muscle DTI studies have employed single-shot,
diffusion-weighted spin-echo echo planar imaging (SE-EPI) sequences. In fact, rapid EPI ac-
quisition significantly reduces motion sensitivity, but it suffers from B0 inhomogeneity-induced
image distortions, which restrict the available spatial resolution [Karampinos et al., 2012]. In
order to account for the T2-related SNR loss, the muscle DTI studies referred to above applied
moderate b-values (400 − 500 s/mm2) and increased slice-thicknesses (3 − 6 mm), resulting in
a low sensitivity to restrictive diffusion and anisotropic voxel dimensions, respectively.
The major disadvantage of SE-based muscle DTI - and moderate diffusion weightings - is
the inherent restriction to short diffusion times (∆ < 50 ms at b = 500 s/mm2). This results in
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Figure 3.3: Simulated signal attenuation curves (left) and corresponding FA values (right)
as function of the diffusion time ∆ for different cylinders with diameters ranging between
10−100µm. Free diffusion along the cylinder direction is assumed to show a diffusion coefficient
of D = 1.8 × 103 mm2/s. In essence, structures with a large diameters yield higher signal
attenuation and thus lower FA values compared to low-scale structures. Prolonging of ∆
simultaneously increases the deviation of the signal attenuation from free diffusion and the FA.
reduced variations between diffusion coefficients of restricted and free diffusion, which is due
to the lowered reduction for perpendicular diffusion caused by barriers to water movement at
short diffusion times (Fig. 3.3, left). In skeletal muscle tissue, where muscle fiber diameters are
in the range of 50− 200µm [Lieber and Blevins, 2000], long diffusion times are required to
separate the signal attenuation curves obtained for restrictive and free diffusion. Therefore, it
has been previously suggested that prolonged diffusion times on the order of ∆ ≈ 1 s should
be used to improve the sensitivity towards detection of hindered diffusion effects in muscle
DTI [Kim et al., 2005; Sigmund et al., 2014]. In particular, long diffusion times increase the
sensitivity to structural ordering and thus the structural contrast as quantified by the fractional
anisotropy (FA; see Fig. 3.3, right). It is assumed that the muscle fibrils provide the largest
contribution to diffusion restriction at short diffusion times with an increasing contribution
from the plasma membrane of the fibers at diffusion times ∆ > 0.5 s [Kim et al., 2005].
Previously, STEAM-based DTI sequences have been introduced in order to maximize the
SNR in muscle DTI [Karampinos et al., 2009;Karampinos et al., 2012; Steidle and Schick,
2006], because the STEAM-technique is particularly able to provide extended diffusion times
such as ∆ ≈ 1 s without introducing additional T2-related signal loss (precise description given
in the next section). By applying long diffusion times, STEAM DTI facilitates the detection of
restricted diffusion processes within large-scale structures, i.e., revealing intra-cellular spatial
extents of up to 100µm (calculated based Eq. 2.33 by assuming ∆ = 1 s andD = 2×103 mm2/s).
In contrast, conventional SE-EPI sequences, which typically apply relatively short diffusion
times (∆ ≈ 50 ms), are mostly sensitive to structure sizes of up to 25µm. Previous STEAM
DTI studies applied diffusion times in the range of 100−300 ms, providing maximum SNR and
combined STEAM-based signal preparation with EPI readout, but were not optimized for high
structural sensitivity and were prone to image distortions, respectively.
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Therefore, an improved muscle DTI sequence is introduced in this thesis, which employs
STEAM-based DWI signal preparation with long diffusion times (typically in the order of 1 s)
and robust single-shot readout based on fast low-angle shot (FLASH) imaging. This approach
provides high-resolution distortion-free DTI images with high sensitivity to muscle tissue archi-
tecture. The proposed single-shot STEAM MRI sequence itself was already introduced in 1986
and was based on multiple acquisitions of stimulated echoes [Frahm et al., 1986]. This so-called
turbo-STEAM imaging method employs recording of a number of phase-encoded stimulated
echoes after unique signal preparation and provides image acquisition times of about 200 ms to
1 s (depending on the spatial resolution). The imaging part of the sequence is based on repeti-
tive acquisition periods, in which low-flip-angle rf pulses are applied that continuously consume
a small part of the initially prepared (diffusion-encoded) magnetization and thereby provides
insensitivity to resonance offset effects from chemical shifts or magnetic susceptibility differ-
ences. Thus, turbo-STEAMDWI represents a robust alternative to SE-EPI as previously shown
for several applications [Finsterbusch and Frahm, 2000; Finsterbusch and Frahm, 2002;
Merboldt et al., 1992; Merboldt et al., 2000; Nolte et al., 2000].
3.2 Concept of turbo-STEAM DTI
3.2.1 Diffusion-weighted stimulated echo preparation
The turbo-STEAM DTI sequence proposed in this work was developed based on a previously
implemented single-shot STEAM DWI sequence [Hiepe et al., 2011] using a vendor-specific
sequence development environment (IDEA, version VB17, Siemens Healthcare, Erlangen, Ger-
many). The new sequence consists of two modules that generate diffusion-encoded stimulated
echoes and provide image formation, respectively (Fig. 3.4). Basically, a stimulated echo (STE)
is formed from three rf pulses and its magnitude is defined by [Burstein, 1996]:
S = S02 · sin(φ1) · sin(φ2) · sin(φ3) · e
−
(
TM
T1
+ τ1+τ2
T2
)
. (3.8)
Hence, the STE amplitude depends on the rf pulse flip angles φ1−3 as well as on the T1- and
T2-related signal losses during the mixing time TM and the τ intervals, respectively. The most
important feature of a STEAM sequence is that the magnetization prevails during the TM
interval, where its intensity is only subjected to T1 relaxation. Although STEAM preparation
results in a 50% signal reduction compared to SE sequences (Eq. 3.8), it therefore provides an
unique way to apply extraordinarily long diffusion times by using a first diffusion gradient in the
τ1 and a second identical gradient pulse in the τ2 interval. The benefit from the much slower
T1 signal decay in the TM interval of the STEAM-based DWI preparation over purely T2-
weighted SE-DWI signal preparation is demonstrated in Fig. 3.5. For instance, signal obtained
for muscle tissue by employing STEAM with TM = 1 s decreases only to approximately one-half
of the signal corresponding to TM = 10 ms (at 3 T). In comparison, the SE signal would have
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Figure 3.4: Rf pulse and gradient diagram of the turbo-STEAM DTI sequence containing
the diffusion-weighted STEAM preparation module and the FLASH-based readout module.
Diffusion gradients (dark grey areas) are applied in three orthogonal directions and consist of
two gradient slopes with strength G, duration δ and same polarity on each axis (the linear
combination of the DW gradients with direction-dependent G’s determines the effective DW
direction). The first gradient pulse is applied during τ1 and the second within the τ2 interval.
The time between the DW gradient-related de- and rephasing of the spin evolution is defined
as the diffusion time ∆. The square brackets refer to the FLASH readout interval, which is
repeated n-times for n phase-encoded STEs. In the TM interval, crusher gradients are applied
to suppress the SE (checkered areas).
decayed completely within 300 ms. The STEAM signal preparation module consists of a slice-
selective 90◦ rf excitation (Gz applied on the slice encoding axis during the rf-pulse), diffusion
gradient pulses in predefined directions and a second slice-selective 90◦ rf pulse (Fig. 3.4). The
formation of the diffusion-encoded STE signal is schematically illustrated in Fig. 3.6. During
the time interval τ1, the transverse magnetization decays as a result of spin dephasing induced
Figure 3.5: Difference between simulated
STEAM and SE-based DWI signal ampli-
tudes as function of diffusion time ∆ and
diffusion gradient duration δ. In SE-EPI,
the signal obtained for the k-space center
is defined by S = S0 · e−TE/T2 and TE =
δ + ∆ + 20 ms (20 ms required for imag-
ing gradients). The first STE amplitude is
given by Eq. 3.8 (with φ1,2 = 90◦, φ3 = 20◦,
TM = ∆− trf − δ, τ1,2 = δ + 6 ms). Assum-
ing T1/T2 relaxation times of (1420/31.7) ms
as typically observed for muscle tissue at
3 T, STEAM yields higher signal amplitudes
compared to SE-EPI for diffusion times ∆ >
50 ms and is able to maintain this signal for
≥ 1 s (>0; light grey area).
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Figure 3.6: Simplified vector diagram illustrating the formation of a stimulated echo (ac-
cording to [Burstein, 1996]). The first 90◦ rf pulse (applied along the x′-direction) creates
a y′-component to the magnetization. After complete dephasing during τ1, represented by
four equal-sized magnetization vectors a, b, c, and d, the second 90◦ pulse (also applied along
the x′-axis) flips the spins c and d, but does not affect the a and b (which refocus to form a
SE). The third 90◦ pulse then flips the magnetization vectors c and d back into the xy-plane
subsequently resulting in a STE.
by field inhomogeneities due to T ∗2 relaxation and the diffusion sensitizing (Fig. 3.6). The
second 90◦ rf pulse rotates the disc of dephased spins and splits the initial magnetization into
two components (Fig. 3.6, top right). One component is stored in the z-direction and decays
exponentially during TM with the time constant T1. The other component remains in the xy-
plane and forms an SE (Fig. 3.6, bottom left), which is usually suppressed by crusher gradients
(checkered gradients in Fig. 3.4). To provide complete dephasing during τ1, which is required
for appropriate generation of a STE, small diffusion gradients (5 mT/m) are applied during
acquisition of non-DW (reference) images [Burstein, 1996]. Finally, application of the third
rf pulse after the mixing time TM leads to the formation of a STE signal (Fig. 3.6, bottom
right). The b-value of this STEAM-based DWI sequence is similar to a Stejskal-Tanner PGSE
approach, which was described in sec. 2.3.3, and can be approximated by [Merboldt et al.,
1992]:
b = γ2δ2G2
(
trf + δ + TM− δ3
)
. (3.9)
The diffusion time is given by ∆ = trf + δ + TM with the pulse duration of the three rf pulses
being adjusted to trf = 2.56 ms for each pulse. The echo time of the first phase-encoded STE
is defined by TESTE = (τ1 + TM + τ2).
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3.2.2 Single-shot FLASH readout of the diffusion-encoded STEAM signal
The image acquisition module implemented in this work consists of a series of slice-selective
refocusing low-flip angle α pulses that fractionally tip the initially stored magnetization back
into the transverse plane in order to generate a series of STEs. Similar to the FLASH imaging
technique, spatial encoding is achieved by the application of phase (Gy) and readout gradients
(Gx in Fig. 3.4) prior to and during acquisition of the signal, respectively [Frahm et al., 1986].
Dephasing of the prepared transverse magnetization caused by the slice selection (Gz) and
the readout gradient is compensated by two additional inverted gradients (rephasing and pre-
dephasing gradients, respectively). The diffusion gradient pulses are applied directly after the
α pulses in the τ2 interval to reverse the spin dephasing previously induced by the diffusion
gradients of the first module. In addition, the rephasing diffusion gradient slopes crush the FID
signals from each α pulse. Thus, high b-values are mostly self-spoiling. However, to suppress
unwanted signal coherence pathways during FLASH-based turbo-STEAM readout, rf spoiling
(phase-cycling of the rf pulses) and gradient spoiling (dephasing of Mxy in x and z-direction
and rephasing on the y-axis after signal acquisition) is applied. In addition, for ’b0’ images
weak diffusion weightings are applied, which provide dephasing of the FID signals arising due
to the repetitive α pulses (with an effective b-value of approx. 25 s/mm2).
As a result of the long TM, imaging gradients can cause motion artifacts and additional
undesirable diffusion weightings. In order to minimize these effects, all dephasing imaging
gradient lobes are placed close to their rephasing counterpart preferably within the same τ in-
terval. To render negligible cross-term effects on the diffusion weighting the following strategy
was applied: After application of the slice-selection gradient during the first 90◦ rf excitation
pulse the resulting gradient moment (inducing dephasing across the excited volume) is over-
compensated by the rewinder in the slice-selection direction by adjusting the gradient moment
(area under the lobe) of the rewinder to be equal to the moment of the slice selection gradient
(see Gz axis in Fig. 3.4). This rewinder gradient pre-dephases the spins in the xy-plane prior
to the application of the second, slice-selective 90◦ rf pulse in the τ1 interval. During readout
in the τ2 interval rephasing of the spins that are dephased by the third slice-selective rf pulse is
achieved by the slice-selection rewinder, which is applied simultaneously with the PE gradient
(Gy axis). Furthermore, the readout dephasing gradient is placed in the τ2 interval leading to
phase coherence of the spin ensemble at the echo time TE (Gx axis).
The FLASH-based readout suffers from blurring artifacts in the PE direction as a result of a
broadened point spread function (PSF). This blurring occurs because the available longitudinal
magnetization for each α pulse continuously decays with T1 and is fractionally consumed by a
factor proportional to cos(α). In addition, the magnetization is further reduced by progressive
diffusion weighting as a result of the increasing diffusion time ∆ over the echo train. Overall,
the ratio of subsequently available longitudinal magnetization is given by:
Mn+1
Mn
= cos(αn) · e−TR/T1 · e−D(γ2δ2G2·TR). (3.10)
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Thus, by choosing the minimum TR, the decay of the amplitudes of successively produced
STEs can be reduced, which results in minimal T2 signal loss during the 2τ time. In order to
enhance the SNR, a centric reordering scheme of the PE gradient table was implemented and
readout flip angle of α = 20◦ was used. The latter requires reduction of the number of PE
STEs, which can be achieved by acquiring narrowed rectangular FOVs and by undersampling
the k-space along the PE direction, i.e., by applying phase partial Fourier approached or the
generalized auto-calibrating partially parallel acquisition (GRAPPA)-based sampling strategy
[Griswold et al., 2002].
3.3 DTI and Tractography of a rabbit shank
The feasibility of turbo-STEAM DTI to characterize muscle architecture was evaluated by suc-
cessively performing in vivo DTI and post mortem dissection measurements in the hind limb of
a rabbit. The data acquired was first assessed in terms of SNR and motion artifacts. Secondly,
the images were used to determine FA and ADC parameters as well as the polar coordinates
of the primary eigenvector (i.e., estimating the pennation angle etc.). To account for the low
SNR a denoising approach was applied to the acquired DW images. In addition, a dedicated
fiber tracking procedure was employed, which is based on constraining the tracking processes
using the superposition of intensity-corrected high-resolution anatomic MR and (distortion-
free) denoised turbo-STEAM images (illustrated in Fig. 3.7). It was hypothesized that this
tractography approach provides reliable separation of equally aligned structures during tract
propagation and thus reduces the amount of artificially prolonged fiber tracts.
3.3.1 Materials and Methods
Animal preparation and experimental setup
In vivo MRI protocol optimization was performed with four rabbits on a 3 T clinical whole-body
MR scanner (TIM Trio; Siemens Healthcare, Erlangen, Germany). All imaging experiments
were approved by the local animal care committee. All data presented in this work were ac-
quired in the left shank of a female rabbit (Oryctolagus cuniculus, m = 3.1 kg). The animal was
anesthetized using a mixture of ketamine (10 mg/kg/h) and xylazine (1 mg/kg/h), and fresh
oxygen (0.5 L/min) was applied through a nasal tube during the MRI measurement (Fig. 3.8).
A custom-made framework immobilized the examined leg of the animal with the leg fixed in a
relaxed position (as defined by the deflection of the knee and ankle joint). The shanks of the
animal were aligned parallel to the magnetic field of the scanner.
Data acquisition
The MRI system provided a maximum gradient amplitude of 28 mT/m and a maximum gradi-
ent slew rate of 178 mT/m/ms. All MRI data were acquired with an eight-channel receive-only
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Figure 3.7: Data acquisition and post-processing pipeline for combined anatomic MRI and
turbo-STEAM DTI in order to provide quantitative fiber orientation parameters (e.g., the
fiber’s azimuth angle φ) as well as improved fiber tractography (resulting in less artificially
prolonged tracts). The latter is based on the superposition of denoised DTI and intensity-
corrected anatomic MRI data and accounts for inter-muscular boundaries identified through
high-resolution MRI (showing hyperintense signal produced by connective tissue). By deter-
mining muscle-specific lines-of-action and 3D segmentations this post-processing strategy allows
the assessment of muscular pennation angles and fascicle lengths, respectively.
coil consisting of two elements each containing four small loop coils (clothes pin coil, Noras
MRI Products GmbH, Höchberg, Germany). Imaging of the hind limb anatomy was achieved
by T2-weighted, high-resolution 3D MRI using a vendor-specific SPACE (spin-echo variant with
variable flip angles) sequence with an isotropic resolution of 0.5 mm3 (FOV = 128× 116 mm2;
256 × 232 pixels; slice thickness of 0.5 mm; 192 sagittal slices per 3D block; bandwidth of
145 Hz/pixel; TR/TE = 2500/333 ms; TA = 69 min). Oversampling in the PE (96%) and
slice (8.3%) direction was applied to avoid aliasing artifacts. Finally, the obtained images were
intensity corrected to account for coil sensitivity profiles using routines included in the FSL
image processing package [Sled et al., 1998].
Following anatomic imaging, four turbo-STEAM DTI data sets were acquired (NEX = 4)
each consisting of five low b-value images (b = 25 s/mm2, δ = 3.7 ms, G = 5 mT/m) and 30
images with diffusion weighting in 30 different (non-collinear) spatial directions (b = 600 s/mm2,
δ = 3.7 ms, G = 25 mT/m; G was limited due to stimulation restrictions). The sequence timing
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Figure 3.8: Experimental set-up for in vivo MRI and DTI in the left hind shank of a rabbit
using a clinical human whole-body MR scanner and a two-element multi-purpose coil.
was defined as follows: TR/TRall/TM = 14.8/1678/980 ms; τ1,2 = 10 ms. Images were acquired
with FOV = 256×72 mm2 and 256×72 pixel matrices providing an effective in-plane resolution
of 1.0× 1.0 mm2. For complete coverage of the shank, thirty-one slices, each 2 mm-thick, were
acquired in the sagittal orientation and parallel to the direction of the tibia bone. Acquisition
of overlapping slices by using a negative slice distance factor of −50% during interleaved 2D
acquisitions enabled the reconstruction of DTI data with an isotropic resolution of 1.0 mm3.
Undersampling of the k-space was performed by parallel imaging using an GRAPPA ac-
celeration factor of two (thus, 48 STEs are acquired per excitation). This technique utilizes
time domain data acquired with different coil elements to reconstruct the missing k-space lines
[Griswold et al., 2002]. The total acquisition time for the high-resolution turbo-STEAM DTI
data was 128 min, which was tolerated by all examined animals. In order to avoid off-resonance
artifacts caused by the chemical shift between the water and fat signal (differences of the Lamor
frequencies due to the chemical environment), and due to the low bandwidth (310 Hz/pixel), a
fat saturation pulse was applied prior to the STEAM preparation.
Denoising and motion artifact detection
In order to increase the intrinsically reduced SNR the acquired images were processed by using
a denoising method, which reduces background noise by means of voxel-wise averaging, non-
linear filtering (edge preserving smoothing) and Rician bias correction [Hahn et al., 2010;
Hahn et al., 2012]. This denoising approach was implemented in IDL (ITT Visual Information
Solutions, Boulder, CO, USA) and achieves an SNR improvement by a factor of 3-6, while
keeping the effective DWI resolution practically unchanged. In order to demonstrate this effect
the SNR of arithmetically averaged and denoised turbo-STEAM images was determined. To
this end, mean intensity values measured in an inner shank muscle (M. soleus) were related
to the SD of signal intensities in a box of 20 × 72 × 31 pixels containing only background
noise. Another important aspect of DTI post-processing relies on the detection of motion
artifacts. In particular, application of long image acquisition times (TE = 1 s with a 700 ms-
long readout period) results in an increased sensitivity to coherent macroscopic or bulk motion,
such as due to periodic tissue motion, spontaneous muscle twitching or animal movement. Since
even very small (sub-millimeter) object displacements during the diffusion-encoding period will
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cause signal loss and phase changes in the resulting STE signal, motion-induced artifacts like
ghosting along the PE direction can occur. Therefore, variance analyses of the multiple DTI
acquisitions was performed in order to detect motion artifacts. For this purpose, pixel-wise
SD calculation and 2D correlation analysis between the multiple DTI data sets (DTINEX =
1, 2, 3, 4) were added to the post-processing pipeline. The correlation analysis was used to assess
the similarity between the images of data set DTINEX = 1 and the subsequent acquisitions
DTINEX = 2, 3, 4. Both methods were performed for the entire image volume (along the slice
direction) and for each DW image index (different DW directions). The (three) determined
correlation coefficients were used to calculate their mean value ρmean and range ρmax -ρmin ,
which both provide measures for random image artifacts.
Tensor reconstruction and quantification
The tensor reconstruction was performed by using the Diffusion Toolkit (R. Wang, Athinoula
A. Martinos Center for Biomedical Imaging, Massachusetts General Hospital, Boston, MA,
USA). Thereby, the tensor eigenvalues λ1−3 and eigenvectors ~v1−3 were determined in each
voxel, and ADC, FA, CP as well as first eigenvector orientation maps were derived from these
data. The latter were reconstructed by calculating the zenith and azimuth angle of ~v1 (de-
scribed in sec. 3.1.1). The reference vector ~r was defined by the readout direction of the DTI
volume, which corresponds to the proximal-distal direction and thus to the direction of the
tibia. Hence, the zenith angle represents an estimate of the pennation angle for the majority
of shank muscles whose line-of-action are equally oriented along the tibia direction. However,
the force-axes of the M. soleus (SOL), M. tibialis (TA) and M. gastrocnemius medialis (GM)
were precisely determined by analyzing the anatomic MRI data. This analysis was performed
by an experienced bio-mechanic scientist and was used to correct the muscle-specific θ values
(yielding θcorr). The maps of the zenith angle θ as well as of the azimuth angle φ and the
planar index CP were calculated by using self-written MATLAB routines.
ROI-based analysis of the tensor metrics
The DTI parameters (ADC, FA, CP, θ and φ) were determined separately in three manually
segmented ROIs comprising the SOL, TA and GM muscles. The segmentation of each muscle
was performed slice-by-slice using the reformatted transverse images of the high-resolution
anatomic MRI. After applying a closing procedure to the segmented ROIs (including eroding
and dilating to smooth the object boundaries) they were rigidly registered to the DTI volume.
To assess inter-muscular differences the mean DTI parameter values were compared between
the ROIs by means of a two-sample t-test with the null hypothesis that the data of each
muscle are independent random samples from normal distributions with equal means (using
MATLAB). As a result of the large number of analyzed ROI voxels, a Bonferroni correction
was performed and the statistical significance level was defined as p < .001.
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Fiber tractography
The connectivity and structural alignment of the muscle fibers was assessed by fiber tracking
using the deterministic Fiber Assignment by Continuous Tracking (FACT) algorithm [Mori
et al., 1999]. Based on an initial ROI-analysis a FA-value of FA = 0.3 as well as a maximum
change in direction angle of 7◦ per iteration step (0.1 voxel; both suggested by a bio-mechanic
scientist) served as stopping criteria for the fiber tract progression during tractography. In
addition, the reconstructed fiber tracts were optionally constrained by T2-weighted anatomic
MR images to exclude artificially prolonged tracts with unexpected transitions between ad-
jacent muscles with similar orientation. To this end, the high-resolution T2-weighted MRI
data set was intensity-corrected and registered to the DTI data. Since connective and tendi-
nous tissue, which separates the muscle compartments, appears bright (hyperintense) on T2-
weighted images, the threshold for T2 masking was successively increased until no prolonged,
non-anatomical fiber tracts were detected. In order to visualize and evaluate muscle-specific
fibers (obtained with or without additional T2 masking), the corresponding tracts were over-
laid onto the corresponding manually segmented ROI and displayed using the 3D tractagraphy
viewer software TrackVis (R. Wang, Athinoula A. Martinos Center for Biomedical Imaging). In
accordance with the general definition of color coding of fiber directions, fibers aligned parallel
to right-left, anterior-posterior and proximal-distal directions were visualized in red, green and
blue, respectively. Mean fiber lengths of the examined muscles were determined by separately
performing fiber tracking in one particular ROI. These ROI-based tracking results were then
compared with the fiber tracts obtained through T2-masked fiber tracking.
3.3.2 Results
Correction and analysis of anatomic MR images
Figure 3.9 displays sagittal T2-weighted images of the left rabbit’s shank together with three
reformatted transverse slices and corresponding cross sections of examined muscles. Due to
the non-uniform sensitivity profile of the rf coil the original images contain inhomogeneous
intensity distributions, which were corrected by applying an intensity correction (Fig. 3.9b).
The knee and ankle joints were deflected by 127◦ and 94◦, respectively, indicating that the
muscles were relaxed without significant passive shortening or stretching. The tendons at both
joints were determined (marked by white circles) and used to define the line-of-action of the
TA (blue), GM (orange) and SOL muscle (red). In contrast to the TA and GM muscles, whose
force axes are aligned parallel to the tibia bone (blue and orange lines), the SOL muscle reveals
a slight deflection of its line-of-action by  = 2◦ relative to the tibial axis (red line).
Motion artifact detection of DTI data
Native sagittal turbo-STEAM DW images as shown in Fig. 3.10 (b = 25 and 600 s/mm2) were
free of motion-induced phase errors (no destructive phase interferences that lead to signal losses)
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Figure 3.9: T2-weighted high-resolution MR images of a rabbit’s shank before (a) and after
(b-d) intensity correction. In (b) and (c), the joint angles and the lines-of-action of the SOL
(red, 1), TA (blue, 2) and GM muscle (orange, 3) are illustrated, respectively. The force axes
of the TA and GM are aligned parallel to the tibia (thick white line), whereas the line-of-action
of the SOL muscle is slightly deflected relative to the tibial axis ( = 2◦). The dotted white
lines indicate the planes of the transverse slices shown in (d), where overlaid ROIs mark the
three examined shank muscles.
and had sufficient SNR (SNRb25 = 19, SNRb600 = 13). The corresponding (representative) SD
maps of multiple low b-value images show only slight and local SD increases in the anterior
region of the shank indicating motion artifacts due to arterial pulsation in this area. The
mean correlation coefficients found for central sagittal slices of the low and high-DW images
are in the range of ρmean = 0.9 − 0.95 and ρmean = 0.8 − 0.9, respectively. Generally, slices
with less signal originating from muscle tissue (slice index 1-15 and 28-31) yielded decreased
ρmean values. Thus, ρmean is primarily linked to the signal fraction imaged in the particular
slice. However, differences of the correlation coefficients are very small (ρmax − ρmin < 0.02
for central slices) and also systematic (SNR dependent). Motion-induced phase errors, which
should appear as random deviations, are therefore not observable.
SNR and tensor analysis of raw and denoised DTI data
Figure 3.11 displays transverse slices of the turbo-STEAM images, corresponding ADC, FA
and CP maps as well as the mapped polar coordinates of the first eigenvector θ and φ. The
first and second rows contain images and maps derived from original noisy and denoised
data, respectively. The slice positions in Fig. 3.11 were selected similarly to the positions
of the three transverse slices shown in Fig. 3.9d. Compared with arithmetically averaged raw
data (SNRb25 = 29, SNRb600 = 18), the denoised images yield significantly increased SNR
(SNRb25 = 202, SNRb600 = 102), which, in turn, significantly enhanced the quality of the
derived CP, θ and φ maps and resulted in a superior delineation of the different muscles (in
contrast to uncorrected data). For instance, as illustrated in the third row of Fig. 3.11, the
SOL and GM muscle (1 and 3, respectively) show variations in θ and φ compared to adja-
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Figure 3.10: Native turbo-STEAM DW images of a rabbit shank with low (a) and high DW
(b), which show sufficient SNR (a, SNR = 19; b, SNR = 12) and are free from motion-induced
artifacts. The SD maps of the multiple data sets (c,d) yield only small variations in the
anterior and lateral regions (white arrows in b = 25 s/mm2 images). Variations in the mean
2D correlation coefficients ρmean (e) and in the maximum coefficient changes (f) are linked
to the signal observed within the particular DW image. However, central slices show high
ρmean values and only small variations of ρmax − ρmin . Although motion-induced ρ changes are
also observable for the anterior and lateral regions (arrows in f), no random phase errors are
presented for central slices, indicating the abscene of significant subject movements.
cent muscles, which are most probably caused by differences in the muscle fiber orientation.
Table 3.1 summarizes the ROI-based mean and SD values of the DTI parameters for the three
shank muscles. Besides reducing inner-ROI variation (SD), the denoising correction resulted
in an increase of the mean ADC (and mean eigenvalues) compared to the results obtained with
unfiltered data. Bonferroni-corrected pair-wise t-test comparisons partially revealed significant
differences of the determined mean DTI measures between specific muscles (p < .001), whilst
applied denoising helped to detect significant inter-muscular differences (e.g. compare FA and
CP of raw and denoised data). The highest inter-muscular parameter variations were obtained
for θ and φ. As a result of the deflected line-of-action of the SOL muscle, the corresponding
zenith angle were corrected for  = 2◦ leading to θcorr = (11.3±6.1)◦. However, the TA muscle
yielded the lowest zenith angles (p < .001).
The muscle-specific variations of the first eigenvector orientation, indicated by the high
standard deviations of the calculated mean θ and φ values, were further investigated by slice-
wise analysis. To this end, ROI-specific θ and φ values were averaged slice-by-slice (in axial
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Figure 3.11: Reformatted transverse images obtained through turbo-STEAM DTI based on
raw (first row) and denoised data (second row). The columns contain from left to right: DW
images (b = 600 s/mm2 with DW in a single direction, ADC, FA, CP, θ and φ maps. Raw
and denoised DW images show blurring artifacts mainly in PE direction (left-right direction,
encircled in red). After denoising, particularly the maps of CP, θ and φ show improved inter-
muscular contrasts. The bottom row shows a T2-weighted image and corresponding θ and φ
maps, where the SOL (1 in T2) and GM (3 in T2) can be clearly distinguished from surrounding
muscles (see arrows).
direction) for the different muscles. The results are given in Figure 3.12 (top). In addition,
θ and φ were mapped in a representative sagittal slice using the segmented muscles as input
mask (Fig. 3.12, bottom). Both plots indicate that the highest spatial variations of θ and φ
occur close to the muscle boundaries. I.e., θ (left) yields the most prominent variations at
the superior and inferior tips of each muscle. However, φ (right) also reveals a monotonic
variation, particularly for GM, indicating twisting of fibers along the line-of-action. The strong
orientation changes directly at muscular boundaries may be caused by partial volume effects.
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Table 3.1: Mean values and SD of ADC, FA, three eigenvalues (λ1−3), planar index CP, zenith
θ and azimuth angle φ, which were calculated by using raw and denoised turbo-STEAM data
for manually segmented ROIs of the SOL, TA and GM muscles.
data SOL TA GM
ADC [10−3 mm2/s] raw 0.96 ± 0.12b 0.96 ± 0.09c 0.94 ± 0.18
denoised 0.96 ± .012ab 0.98 ± 0.09 0.99 ± 0.17
FA [a.u.] raw 0.44 ± 0.08 0.43 ± 0.08c 0.44 ± 0.13
denoised 0.43 ± 0.07ab 0.42 ± 0.06c 0.40 ± 0.09
λ1 [10−3 mm2/s] raw 1.46 ± 0.16ab 1.45 ± 0.15c 1.40 ± 0.26
denoised 1.46 ± 0.14ab 1.48 ± 0.11c 1.44 ± 0.23
λ2 [10−3 mm2/s] raw 0.79 ± 0.14ab 0.81 ± 0.12c 0.83 ± 0.21
denoised 0.78 ± 0.12ab 0.81 ± 0.12c 0.85 ± 0.21
λ3 [10−3 mm2/s] raw 0.62 ± 0.14b 0.62 ± 0.11c 0.56 ± 0.22
denoised 0.65 ± 0.13 0.66 ± 0.10 0.66 ± 0.19
CP [a.u.] raw 0.13 ± 0.08b 0.14 ± 0.08c 0.22 ± 0.48
denoised 0.09 ± 0.06ab 0.10 ± 0.06c 0.14 ± 0.21
zenith angle θ [deg] raw 14.7 ± 7.2ab 10.7 ± 7.3c 20.6 ± 16.4
denoised 13.3 ± 6.1a 8.3 ± 4.6c 14.4 ± 13.0
azimuth angle φ [deg] raw 98.8 ± 59.9ab 78.3 ± 53.6 83.8 ± 51.1
denoised 104.3 ± 59.8ab 65.3 ± 51.6c 81.2 ± 45.8
a Statistical difference (p > .001) between SOL and TA, b statistical difference (p > .001)
between SOL and GM, c statistical difference (p > .001) between TA and GM.
Evaluation of reconstructed fiber tracts
Figure 3.13 illustrates the muscle fiber tracts reconstructed by means of the turbo-STEAM DTI
data (without additional T2 masking) in the left hind leg of the rabbit that pass through either
the proximal or distal transverse slice (which correspond to the top and bottom transverse
images in Fig. 3.9). Fiber tracts with different orientations can be distinguished. In particular,
the tracts of the TA muscle, which are aligned almost parallel to the tibia, can be separated
from the tracts of the GM, which show a greater deflection relative to the leg axis (see arrows
in Fig 3.13a). This indicates different pennation angles for the different shank muscles and is
in agreement with the reported θ values (in Tab. 3.1), where the TA muscle reveals a smaller
mean θ compared to the SOL or GM muscle. Of special note is the bipennate structure of the
M. gastrocnemius including the medial and lateral head, which is clearly visible in the posterior
view (thick arrows in Fig. 3.13b). Tracts passing both muscles continue until they merge in the
Achilles tendon (thin arrow in Fig. 3.13b).
Reconstructed fiber tracts of the isolated SOL and GM muscles are shown in greater detail
in Fig. 3.14. Figure 3.14a shows the tracts using FA > 0.3 and a maximum tracking angle
difference of 7◦ as thresholds for the tracking procedure, and which pass through an axial slice
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Figure 3.12: Detailed tensor orientation analyses based on denoised data showing the zenith
θ (left column) and azimuth φ (right column) angles. The polar coordinates of the three
examined muscles are averaged in each transverse plane of the corresponding ROI (top row)
and mapped in a representative sagittal slice (bottom row). High deviations of the mapped θ
angle can be observed at muscular boundaries, while φ varies along the muscle’s long axis.
Figure 3.13: Direc-
tional color-coded fiber
tracts of a rabbit’s hind
leg based on turbo-
STEAM DTI in sagittal
(a) and coronal view
(b). Fiber tracts pass-
ing either one of the
two transparent slices
show variously deflected
paths [i.e., TA and GM;
see arrows in (a)]. The
bi-pennate build-up of
the M. gastrocnemius
including medial and
lateral head is visible
[thick arrows in (b)]
with tracts continuing
until merging in the
Achilles tendon [thin
arrow in (b)].
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Figure 3.14: Reconstructed tracts for the SOL (red) and GM (orange) muscles, which pass
through the selected transverse slices (yellow), without (a,c) and with (b,d) overlaid 3D ROIs.
Tracking was performed without (a,b) and with (c,d) additional masking using anatomic image
information [tracking stop criteria: FA = 0.3; maximum angle deviation 7◦]. In (e,f), ROI-
based fiber tracking results are displayed, which can be used to quantify the mean fiber lengths.
For the SOL and GM mean lengths of (11.2± 6.2) mm and (16.2± 9.1) mm were determined,
respectively. The TA (not shown here) revealed a mean fiber tract length of (19.2± 11.5) mm.
of the segmented muscles. Figure 3.14b visualizes the same tracts together with the 3D volumes
of the GM (orange) and SOL (red). Fiber paths with great deflection and twisting arrangement
relative to the leg’s long-axis are observable, respectively. There are also some tracts that
falsely cross boundaries between different muscles (white arrow in Fig. 3.14b for the SOL).
This is most likely due to parallely aligned muscle structures and/or partial volume effects.
However, application of an additional mask obtained from thresholding the high-resolution
T2-weighted MR images removed false tracts (white arrows in Fig. 3.14b and d), albeit this
procedure reduced the number of fiber tracts within a muscle (resulting in less compact fiber
bundles as visible for the GM; top left arrows in Fig. 3.14a and c).
To extract architectural parameters of the reconstructed muscle fibers, such as the mean
fiber length, which is of particular interest in bio-mechanical studies, as accurately as possible
and to evaluate the initial tracking results, tracking was confined to the manually segmented
ROIs instead of using additional T2 masking. The ROI-based tracking results for the SOL and
GM muscles are shown in Fig. 3.14e and f, whereas Fig. 3.14e shows, analogously to Fig. 3.14a-
d, slice-filtered fiber tracts. The T2- and ROI-masked fiber tracts reveal comparable results
indicating that T2 masking provides complete boundary detection but - as shown above - at
43
3 Diffusion-weighted MRI of muscle structure
the cost of true fiber tracts within the GM (compare Fig. 3.14c and e). Based on the results
shown in Figure 3.14f, where all fiber tracts within the two ROIs are illustrated, fiber tract
lengths of the SOL and GM were determined yielding mean values of (11.2 ± 6.2) mm and
(16.2 ± 9.1) mm, respectively. The TA (whose fiber tracts are not shown in this figure due to
illustrative purposes) yielded a mean fiber tract length of (19.2± 11.5) mm.
3.3.3 Discussion
This animal study demonstrates the capability of STEAM-DTI to extract muscle architecture
parameters, like fiber orientation and fascicle length. The single-shot images of the implemented
turbo-STEAM DTI sequence do not suffer from geometric distortions, motion-induced phase
errors, and have sufficient SNR. Compared to previous STEAM-EPI implementations, which
were applied in human calf muscles [Karampinos et al., 2012; Steidle and Schick, 2006], the
proposed sequence provides improved spatial resolution for DW images without increased off-
resonance-induced geometric distortions. In addition, employing long diffusion times provided
high micro-structural contrast resulting in realistic fiber pathways.
The optimized turbo-STEAM DTI protocol yielded an effective isotropic resolution of 1 mm3
by using a negative slice distance of -50% for (overlapping) 2-mm-thick slices and acquisition of
a 256× 72 pixel matrix. Nevertheless, turbo-STEAM DTI is affected by partial volume effects
in slice and - more prominent - in PE direction (Fig. 3.10, Fig. 3.11). This is caused by imperfect
slice excitation profiles and the decaying longitudinal magnetization, respectively. The latter
limits the in-plane resolution along the PE direction and represents the major limitation of the
proposed readout method. As each refocusing pulse successively expends the prepared STEAM
magnetization within the repetitive FLASH readout interval, the actual signal distribution in
k-space strongly depends on the applied rf flip angle of the α pulse, affecting the PSF in PE
direction, thus limiting the feasible number of PE steps [Hiepe et al., 2011; Finsterbusch
and Frahm, 2002]. Furthermore, intrinsic T1 relaxation effects and diffusion-related signal
losses contribute to blurring effects. Consequently, in this work the number of PE steps was
minimized using parallel imaging and by acquiring a rectangular FOV. Although the number of
acquired STEs was reduced to n = 48, a distinct signal decay over the echo train and therefore
a reduced resolution in PE direction, was observed in this study. Retrospective simulations
demonstrated a reduction factor of approx. 50% (Fig. 3.15).
Nevertheless, the achieved effective spatial resolution of approximately 1×2×1 mm3 is, to the
best of our knowledge, higher than in any previously published muscle DTI study conducted
with clinical MRI scanners. Major future application of the turbo-STEAM sequence can be
seen in small-FOV acquisitions, with low numbers of PE steps. Additionally, in order to reduce
blurring by shaping the PSF, variable flip angles can be applied along the echo train [Frahm
et al., 1986]. This approach was, however, not applicable in the present experiments since it
leads to a markedly reduced SNR due to a small starting flip angle (α1 = 8.6◦ for n = 48
echoes). Future sequence developments should explore alternative sampling schemes for the
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Figure 3.15: Simulated evolu-
tion of the longitudinal STEAM
magnetization Mz during FLASH
readout as a function of the stim-
ulated echo number based on
Eq. 3.10. Equal rf flip angles of
the α pulses were assumed (α =
20◦). Although the fractional
counsumption of the uniquely pre-
pared Mz provides signal for more
than n = 48 STEs, additive T1
and diffusion-related signal losses
result theoretically in totally con-
sumed Mz already after ≈ 24
echoes. This lowers the spatial
resolution in PE direction and, in
turn, results in an effective spatial
resolution of ≈ 1× 2× 1 mm3.
readout module, such as radial trajectories [Block et al., 2007], which are capable to minimize
PSF blurring. In particular, PROPELLER trajectories would allow segmentation of the data
acquisition into multiple shots [Krämer et al., 2012], thereby overcoming the limited number
of PE lines and improving spatial resolution. At the same time, the repeated scanning of the
k-space center with PROPELLER could improve SNR without increasing PSF blur, albeit at
the cost of longer acquisition times. In in vivo experiments with minimum macroscopic motion,
multi-shot acquisition technique based on segmented readout may represent an alternative. For
instance, navigator-corrected DW-EPI provides a fast and motion-insensitive readout technique
[Jiang et al., 2002]. This approach can be combined with DW-STEAM signal preparation,
while accounting for eddy currents, B0-induced distortions and T ∗2 -related blurring. Moreover,
high-resolution DTI of larger objects containing small structures may be realized by interleaved
inner volume imaging based on DW-EPI, which provides reduced geometric distortion and
blurring [Jeong et al., 2006].
Previously proposed STEAM-DTI approaches were optimized for SNR of muscle tissue in
vivo by employing b-values of b ≈ 600 s/mm2 and diffusion times in the range 150 − 480 ms
[Karampinos et al., 2012; Schwenzer et al., 2009; Steidle and Schick, 2006]. However, ex
vivo measurements demonstrated that with increased diffusion time, the diffusion in the plane
perpendicular to the mean fiber orientation becomes more restricted and the second and third
eigenvalues decrease, whereas FA increases [Kim et al., 2005]. As such, it has been proposed
to use long diffusion times, e.g. ∆ ≈ 1 s, to increase the FA and to decrease the cone of
uncertainty in skeletal muscle DTI [Sigmund et al., 2014]. In this study a diffusion time of
∆ ≈ 1 s was chosen using the STEAM-DTI preparation module. The reduced SNR due to the
increased mixing time TM was compensated by averaging and denoising based on Rician bias
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correction and edge-preserving nonlinear image smoothing [Hahn et al., 2010]. The resulting
images showed sufficient SNR (Fig. 3.10, Fig. 3.11) and provide fiber tracts with high structural
integrity (Fig. 3.13, Fig. 3.14). In future studies, simulation of SNR and FA as functions of TM
are beneficial required to minimize the SD of FA for a constant total scan time.
The long acquisition times of approximately 1.7 s per turbo-STEAM image did not result
in significant motion-induced phase errors such as ghosting along the PE image direction
(Fig. 3.10). However, residual motion artifacts in low-DW images, most likely resulting from
arterial pulsation, may affect the determination of diffusion parameters (marked with arrows
in Fig. 3.10). These effects can be eliminated in future studies by applying higher b-values
for low-DW images or by electrocardiogram triggering. For human application, the proposed
sequence may be problematic since nonrigid body motion during long scan times can not be
completely avoided. Of note, the accuracy of ADC values measured by means of turbo-STEAM
DTI is intrinsically limited because of the imprecise estimation of the effective b-value (leading
to an overestimation of ADC values since the b-value is estimated for the first STE only) and
the violation of the mono-exponential DWI signal equation (which is only applicable for free
isotropic diffusion, thereby leading to an underestimation of the ADCs). However, the ADC
values determined in this study (Tab. 3.1) are in the range of previously reported in vivo DTI
studies, such as acquired in a mouse hind leg [Heemskerk et al., 2005] and human thigh
muscles [Budzik et al., 2007].
Compared to ADC, the FA maps yielded increased inter-muscular contrast, probably corre-
sponding to inter-muscular architectural differences (Fig. 3.11). In addition to local FA varia-
tions observed at muscle boundaries caused by different fiber orientation patterns of adjacent
muscles (and partial volume effects), slight FA differences were found for different shank mus-
cles. In particular, the TA (non-pennate) muscle revealed a significantly increased FA compared
to the GM (pennate) muscle (p < .001). This is in line with results obtained in a cadaveric DTI
study of human muscles [Budzik et al., 2007]. High inter-muscular contrast was also seen in
CP, θ and φ maps (Fig. 3.11). The CP index, which accounts for diffusion perpendicular to the
main fiber direction and is thus related to the fiber cross-sectional ellipticity [Deux et al., 2008;
Heemskerk et al., 2010], revealed higher values in the pennate muscle (GM) than in paral-
lel muscles (SOL, TA; Tab. 3.1). This finding is in accordance with a previous DTI study
[Karampinos et al., 2009].
Complementary, the GM, which is involved in rapid leg movement, e.g. during jumping
(plantar flexion), yielded higher zenith angles compared to the TA muscle (which is mainly
involved in less powerful dorsal flexion). The pennation angles θcorr of the TA, SOL and GM
muscles were determined as (8.3 ± 4.6)◦, (11.3 ± 6.1)◦ and (14.4 ± 13.0)◦, respectively. These
results are similar to previously reported angles [(3.0 ± 1.0)◦, (8.5 ± 1.5)◦ and (13.8 ± 1.7)◦,
respectively], which, however, were measured (only) on the muscle surface by means of a
dissecting microscope and a goniometer [Lieber and Blevins, 2000]. Of note, the pennation
angles of the SOL muscle were subsequently evaluated by manual dissection of the same probe
and the corresponding results are reported in section 3.3.4.
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Slice-by-slice analysis of the high-resolution θ and φ maps yielded further information about
spatial fiber orientation patterns. Variations of the parameters were observed along the muscle’s
long axis with largest changes at the muscle boundaries (Fig. 3.12). In accordance, previous
human DTI and fiber tracking studies have demonstrated physiological pennation angle het-
erogeneity caused by variations in the orientation of aponeuroses [Lansdown et al., 2007;
Heemskerk et al., 2010]. Smooth variation of the azimuth angle φ in the inner muscular
regions, i.e., of the SOL muscle, may be attributed to physiologically twisted fibers along the
long axis. The structural connectivity of the shank muscles was further assessed by fiber trac-
tography (Fig. 3.13). In particular, the GM and SOL muscles were evaluated and confirmed
the presence of strongly deflected and twisted fiber paths relative to the long axis, respectively
(Fig. 3.14). However, although fiber tracking was performed based on high-resolution DTI
data, erroneously prolonged fiber tracts were obtained for both muscles. This phenomenon
has already been reported in previous muscle DTI studies and is generally related to equally
aligned structures imaged with a limited (effective) DTI resolution [Heemskerk et al., 2005;
Heemskerk et al., 2010; Khalil et al., 2010; Froeling et al., 2012].
For detailed delineation of fiber patterns and contraction-induced deformations of different
muscle compartments, it is essential to track muscle compartments individually. Therefore, in
this work, a combination of directional constraints, FA thresholding and additional T2 masking
based on anatomical T2-weighted MRI data was employed as stop criterion for the tract prop-
agation process. The latter was enabled by the acquisition of geometrically undistorted MR
images by using turbo-FLASH readout, which resulted in rigid matching between anatomical
MRI and DWI data. This approach facilitates the reconstruction of fiber tracts with a reduced
number of erroneously prolonged fiber tracts. Compared with ROI-based constrained fiber
tracking using automatic muscle segmentation, which to our knowledge is still not straightfor-
ward to implement, T2 masking of DTI data provides an alternative method to create muscle-
specific fiber representations, which can be used in bio-mechanical models in the future (see
sec. 3.5). Another parameter of particular interest in sophisticated bio-mechanical models is
the muscle fiber length. For the SOL, GM and TA muscles, mean fiber lengths were deter-
mined as (11.2±6.2) mm, (16.2±9.1) mm and (19.2±11.5) mm, respectively. These results are
in good agreement with those obtained from post mortem studies reporting mean lengths of
(13.8±0.8) mm, (14.7±0.7) mm and (38.1±3.0) mm, respectively [Lieber and Blevins, 2000].
The determined fascicle lengths reconstructed for the SOL (together with the corresponding
pennation angles) were thoroughly evaluated by dissection of the fiber bundles from the same
SOL muscle. The results of this validation study are presented in the next section.
3.3.4 Histological validation
Different attempts have been undertaken to validate DTI regarding determination of muscle
architectural parameters. Initially, principal eigenvector directions in ex vivo rat TA muscle
were compared with fascicle striation patterns visible on high-resolution MRI and on a longitu-
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dinal section [Van Donkelaar et al., 1999]. These authors reported an acceptable accuracy
of DTI fiber directions (error below ±5◦). Subsequently, Damon et al. studied the pennation
angles of a rat GM by means of DTI and direct anatomical inspection using a protractor on the
surface of the thickest part of the muscle belly [Damon et al., 2002a]. They found a high corre-
lation between the pennation angles determined with both methods (ρ = 0.89). However, both
studies did not account for the high architectural diversity in skeletal muscles and may thus
not be representative for the entire muscle volume. Larger muscular regions were examined
in a pig tongue and almost equal fascicle angles measured with DTI and photon microscopy
were reported [Napadow et al., 2001]. Unfortunately, these researchers did not perform sta-
tistical analysis. Further qualitative analyses were performed for human forearm [Froeling
et al., 2012] and back muscles [Sieben et al., 2016] with good correspondences between pho-
tographs of dissected cadaver muscles and the reconstructed fiber tracts. Moreover, several ex
vivo DTI-histology studies with fixed hearts documented statistically similar fiber orientations
of the ventricular architecture (helix fiber orientation) for both methods [Kung et al., 2011].
Hitherto, no study exits that validated 3-dimensionally both the pennation angles and fascicle
lengths determined from in vivo DTI. Therefore, the present study aimed to compare quan-
titatively the pennation angles and fiber lengths of an entire muscle volume determined by
means of turbo-STEAM DTI and histological examinations. The obtained results have been
published in 2013 as an article in Journal of Anatomy [Schenk et al., 2013].
Methodology
After the in vivo MRI measurements, the same animal was used to reconstruct the architecture
of the SOL muscle using an established manual dissection/digitization method of fiber bundles
from fixated muscle [Rosatelli et al., 2008]. For post mortem manual digitization of the
fascicles, the rabbit was euthanized with an overdose of pentobarbital, its leg was amputated
above the knee, the skin removed and the preparation histologically fixed in Bouin solution for
two days. Except for the SOL, all shank muscles were removed after muscle fixation and the
preparation was cast in wax to provide additional mechanical stability during the digitizing
process (Fig. 3.16). Small fascicle bundles were successively dissected with a micro forceps
and their original position was recorded by using a manual digitizer (MicroScribe MLX R©).
This process was repeated until all fascicles of the muscle were recorded. In addition to the
fascicle bundle positions, the insertion (calcaneus) and origin of the muscle (caput fibulae)
were recorded to define the line-of-action (force axis). A detailed description of the data post-
processing including 3rd order polynomial fitting of the fiber paths reconstructed from DTI
and manual digitization as well as of the applied statistical methods is given in the paper of
[Schenk et al., 2013].
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Results
Figure 3.16 illustrates the dissection of the cadaver muscle and the fascicle paths obtained with
both methods. MicroScribe digitization and DTI yielded 131 fascicle bundles and 1606 tracts,
respectively. The Kolmogorov-Smirnov test revealed that the pennation angle (p = .59) and
the fascicle length (p = .69) determined by MicroScribe were normally distributed, whereas
the DTI estimates did not show a Gaussian distribution (p < .001). Although the median
pennation angles of both methods are close to each other (MicroScribe: median 9.7◦, first
quartile Q1 : 7.6◦, third quartile Q3 : 12.0◦; DTI: median 8.5◦, Q1 : 6.7◦, Q3 : 10.7◦), the
Mann-Whitney U-test revealed a significant differences in the pennation angle (p < .001). The
median fascicle length measured with the MicroScribe system was 16.8 mm (Q1 : 15.5 mm,
Q3 : 18.5 mm) compared with 18.2 mm (Q1 : 10.5 mm, Q3 : 26.1 mm) as determined with
the DTI. In contrast to the pennation angles, the fascicle lengths did not differ significantly
(p = .22) between both methods.
Figure 3.16: Anatomical preparation of the histologically fixed SOL muscle embedded in wax
(left) and lateral view of the fiber tracts (right) determined with DTI and manual digitization
(taken from [Schenk et al., 2013]). The fascicle bundles were dissected using a micro forceps,
whilst their original position was manually digitized by tracking the dashed line using the
MicroScribe system. The comparison of reconstructed fibers between both methods indicates
the gradual cut-off of the DTI tracts (A), the aggregation of non-physiological long DTI tracts
at the anterior boundary of the muscle (B) and non-physiological short DTI tracts due to
limited spatial resolution (C). Note that for illustration purposes only every third DTI fascicle
tract is shown.
Discussion
Although the difference between the median pennation angles was small (1.2◦), it was signif-
icant, which is may be related to the unequal sample sizes (MicroScribe: n = 131 vs. DTI:
n = 1606). It can be further explained by deviations of the force axis estimation with both
methods. This interpretation is supported by the minimum and maximum pennation angles
determined with both methods [MicroScribe: median = 9.7◦, range between (3.5 − 22.1)◦ vs.
DTI: median = 8.5◦, range between (0.9−20.7)◦]. The deviation of the line-of-action estimation
is due to the following reason: The distal tendon of the SOL is only a small part of the Achilles
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tendon and is located at the lateral border of the Achilles tendon. The insertion area of the
Achilles tendon at the calcaneus is about 5 mm wide, whereas the insertion area of the SOL
tendon is limited to 1 − 2 mm within the Achilles tendon. Whilst during manual preparation
it is possible to separate the tendon of the muscle from the other parts of the Achilles ten-
don and mark the muscle insertion very precisely, it is not possible with MRI to differentiate
between the various components of the Achilles tendon due to the limited resolution and the
low contrast between these structures. In future, ultra-short echo time (UTE) MRI sequences
may provide superior delineation of tendinous tissue, as described in the last section of this
chapter (sec. 3.5). Note, however, that deviations of the force axis may also result from slight
differences of the ankle deflection between the measurements (MicroScribe: 83◦ vs. DTI: 94◦).
The median fascicle lengths showed no statistical difference between both methods. DTI,
however, showed a higher variance of the fiber lengths compared to manual digitization [Mi-
croScribe: range between (12.5−23.1) mm vs. DTI: range between (2.7−61.5) mm]. Although
fiber tracking was only applied within the ROI of the SOL, whilst the muscle surface served as
stop criterion during the fiber tracking process, it resulted in artificially long fiber tracts, which
can be attributed to equally oriented adjacent structures within the muscle. Such artificially
prolonged tracts were reconstructed, e.g., on the anterior margin of the SOL (Fig. 3.16, B). Too
short fascicle fragments near the muscle surface resulted from limited spatial resolution of DTI
(Fig. 3.16, C). Despite these limitations, STEAM-based DTI represents an excellent tool to cap-
ture certain aspects of the inner muscle architecture, and differences in the observed pennation
angle may have no true relevance for muscle (FE) simulation studies. Further, the proposed
DTI sequence enables clinical investigations of muscle injuries as exemplarily demonstrated in
the next section (3.4).
3.4 Application to human lower back muscles
Beyond application in animal studies the proposed turbo-STEAM DTI technique may also
provide valuable information for characterizing degenerative changes in skeletal muscles, such
as due to muscle injuries. For instance, DTI may allow the assessment of atrophic processes,
which may be induced by direct injuries during surgery and are related to muscle denervations
and ischemic impairments. One prominent example for such pathologies is back muscle atrophy
after posterior spinal fusion of multiple spine segments caused by muscle retraction with long
hours of excessive pressure [Min et al., 2009; Suwa et al., 2000]. Despite being an established
surgical approach to stabilize the spine after trauma or in degenerative diseases, a subset of
patients suffers from chronic low back pain (LBP) after spinal fusion. Development of LBP
in such cases is suspected to emerge from atrophy of injured back muscles and instabilities
in adjacent vertebrae segments. Electro-physiological investigations recently performed in our
lab characterized these atrophic changes by detecting altered muscle activation patterns in the
back muscles of patients with spine fusion during isometric and dynamic loads. Subsequent
bio-mechanical simulations using a human torso FE model ascribed these electro-physiological
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alterations to increased muscular stress in the region of the implant (results not published yet).
In line with these observations, posterior spinal fusion applied to rabbits resulted in atrophy of
their back muscles (reduction in fiber size) and reduced adjacent paraspinal activity (decrease
of EMG median frequency) with simultaneously higher muscle activity in the adjacent caudal
and cranial regions [Hu et al., 2008]. Furthermore, several studies were performed to compare
the outcomes of conventional (open) and minimally invasive (percutaneous) surgery procedures.
Although there are reports showing that less invasive approaches can reduce muscular injury
and systemic inflammatory response immediately after surgery [Kim et al., 2006], no significant
differences in the level of muscle degeneration measured by means of muscular fat infiltration
and cross-sectional area were found between both surgery approaches in an one-year follow-up
evaluation [Min et al., 2009].
Generally, questions related to different factors affecting the severity of degenerative muscle
impairments as well as to surgery-related effects on LBP development remain open to date.
Against this background, DTI may provide a powerful, non-invasive tool to investigate de-
generative changes of muscle architecture and thus to characterize surgery-related atrophic
processes. Therefore, turbo-STEAM DTI was applied in a pilot study on healthy volunteers
and patients with spine fusion in order to identify surgery-induced changes of architectural
DTI parameters like FA, which is thought to indicate structural abnormalities of muscle tissue
[Noseworthy et al., 2010]. Besides being able to characterize structural ordering of skeletal
muscles by using long diffusion times, turbo-STEAM DTI additionally provides low sensitivity
to B0 inhomogeneities, which is particularly beneficial in MRI of anatomies located near metal
implants. In this initial study, it was hypothesized that both open and minimally invasive
surgery induces similar modifications to the muscle micro-structural integrity, such as caused
by the disruption of muscle cell membranes, which, in turn, result in changes of FA and fiber
tractography.
3.4.1 Materials and Methods
Five patients with spinal fusion (2-4 weeks after surgery, three open and two percutaneous
fusions of two or three lumbar segments) and five age,- gender- and BMI-matched healthy
subjects (three male, two female, 31 − 59 years, BMI: 22-28) were examined on a clinical 3 T
whole-body MRI scanner (TIM Trio; Siemens Healthcare, Erlangen, Germany) by using a
standard spine coil. After anatomic imaging (T1-weighted VIBE sequence; 1.0 mm3, TE/TR =
0.8/5 ms, TA = 8.5 min), two turbo-STEAM DTI data sets were acquired (NEX = 2) each
consisting of five low b-value images (b = 5 s/mm2, δ = 2 ms, G = 5 mT/m) and 30 images
with diffusion weighting in 30 different spatial directions (b = 160 s/mm2, δ = 2 ms, G =
26.6 mT/m). Further sequence parameters were: TR/TRall/TM = 11.9/1503/985 ms; τ1 =
τ2 = 7.5 ms; FOV = 336 × 222 mm2; 112 × 74 pixels; in-plane resolution of 3.0 × 3.0 mm2;
bandwidth of 450 Hz/pixel. Twenty-two 6 mm-thick slices were acquired in coronal orientation
aligned to the spine. Using a negative slice distance factor of -50% during interleaved 2D
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acquisitions provided an effective isotropic resolution of 3.0 mm3. Parallel imaging was applied
using a GRAPPA factor of three resulting in a turbo factor of 38 (number of acquired STEs with
different PE). To avoid chemical shift artifacts, which can lead to mismapped fat compartments
with distinctly lower diffusion coefficients than muscle tissue, fat suppression was applied using
frequency-selective water excitation pulses. The total DTI acquisition time was 38 min.
For post-processing, DTI data were denoised using a local principle component analysis
(PCA) approach, which filters the multi-directional data according to the strongest component
(first eigenvector) within a moving 3D patch [Manjon et al., 2013]. This edge-preserving
denoising method will be described in greater detail in the next chapter (sec. 4.3.4). Afterwards,
the tensor was reconstructed using the Diffusion Toolkit (R. Wang, Athinoula A. Martinos
Center for Biomedical Imaging, Massachusetts General Hospital, Boston, USA). ADC, FA and
eigenvalue maps were calculated and subsequently analyzed by slice-wise ROI analysis. To
this end, ROIs were defined in the anatomic MR images comprising the entire left and right
back muscles using a manual segmentation software (http://www.mitk.org/). The ROIs were
transferred to the DTI image space. In order to account for implant-induced image distortions
and low SNR in DW images, corresponding voxels were excluded from the analysis. The
identification of corrupted voxels was based on histogram analysis of the ROI voxel intensities
normalized to their mean intensity value. As illustrated in Fig. 3.17, voxels with intensities
below the 10% quantile and above the 90% quantile were excluded from further analysis. This
allows to account for voxels showing a low SNR and/or image distortions, respectively. The
latter criterion was only applied to the patient data. In the next step, a logical 3D mask
defined by the remaining voxels was used to mask the DTI maps (ADC, FA, eigenvalues).
The filtered data served as basis for slice-wise ROI analysis, which was performed along the
head-feet direction. Mean and SD values of the DTI parameters were determined in three
consecutive transverse slices, whilst the positions of the corresponding slices were defined by
anatomic landmarks (center of vertebrae bodies). Finally, fiber tracking was performed using
the FACT algorithm [Mori et al., 1999] with the surface of the muscle ROI and a maximum
orientation change of 8◦ per iteration step (0.1 voxel) serving as stop criteria.
3.4.2 Results
Figure 3.18 shows representative T1-weighted MR images of a patient whose vertebrae bodies
L1-L3 were fixed by a metal implant. In addition, bilaterally determined FA values for the
five patients and the corresponding healthy controls are illustrated. As shown in Fig. 3.18a,
morphological structures of the spine can be imaged with high spatial resolution, while signal
cancellations and image distortions did only occur close to the metal implant restricted to a few
millimeters around the lesion. Similar image artifacts are observable in turbo-STEAM images,
which, however, were corrected by applying the histogram-based artifact detection (compare
top and bottom row in Fig. 3.17). Corresponding anatomic images and mean FA values in
Fig. 3.18a and Fig. 3.18b, respectively, exemplarily show that this patient data yields lower FA
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Figure 3.17: Representative multi-slice, coronal turbo-STEAM images (b = 160 s/mm2) and
corresponding FA maps of a patient with fused vertebrae segments. All images were overlaid
with the manually segmented ROI of the back muscles. It is visible that the implant induces
signal alterations in adjacent muscles, which affect the FA maps (see red arrows). To account
for teh low SNR and the metal-induced signal alterations voxels of lowest (<10% quantile)
and highest intensity (>90% q.) were detected by means of histogram analysis, respectively.
Hereinafter, these voxels were excluded from ROI-based analysis.
values in the back muscles close to the fused vertebrae (marked as gray area) compared to
his matched control. Contrary, no significant FA differences were observed in regions located
below and above the fused segments. Additionally, both subjects show higher FAs cranial
to the position of L2, which will be discussed later. As shown in Fig. 3.18c-3.18f, similar
FA distributions were observed for the other patients and their matched controls. However, no
obvious differences were found for ADC and tensor eigenvalues (thus these results are not shown
here). Finally, back muscle fibers were tracked based on DTI data to visualize the surgery-
related changes of the fiber architecture. The reconstructed fiber tracts of a representative
control subject were compared with photographs of dissected lumbar muscles yielding close
correspondence between DTI-based tractography and dissection results (compare Fig. 3.19a
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(a) VIBE images of a patient (b) FA of two males (36/39 y) (c) FA of two males (42/38 y)
(d) FA of two males (51/53 y) (e) FA of two females (59/62 y) (f) FA of two females (31/34 y)
Figure 3.18: Representative mid-sagittal and transverse T1-weighted images of a patient after
lumbar stabilization as well as bar plots of bilaterally determined FA values as a function of the
anatomic position (defined by the vertebrae bodies) each including the results of one patient
(red) and his or her matched control (black). The mean FA values (together with their SDs
indicated by errorbars) predominately show differences between patients and controls at the
position of the implant (marked as gray area).
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(a) dorsal and lateral pho-
tographs of lumbar muscles
(b) dorsal view of fiber
tracts passing three ROIs,
such as the TIL
(c) proximal view of tracts
passing one of three trans-
verse slices in a control
(d) proximal view of tracts
passing one of the slices in
a patient after spinal fusion
Figure 3.19: Photographs and reconstructed fiber tracts of back muscles. In (a) the dissected
vertebrae bodies T12-S1, the iliac crest (IC), the thoracic part of M. iliocostalis lumborum
(TIL) and the posterior superior iliac spine are marked (taken from [Sieben et al., 2016]).
Images in (b-d) show tractography results overlaid on anatomic coronal images. The fascicle
paths of the TIL muscle are closely corresponding between the photographs and the fiber tracts
(a,b). Qualitative comparison of tracts obtained in a representative patient and in his healthy
control (c,d) yields fewer and disordered fiber tracts in the case of spinal fusion (for illustration
purposes only every fifth tract is shown).
and Fig. 3.19b). In particular, the tracts of the thoracic part of the superficial M. iliocostalis
lumborum (TIL), which attaches the ilias crest (IC), show similar orientation patterns. The
fiber paths given in Fig. 3.19b-Fig. 3.19c provide an impression of the architecture of deep and
superficial back muscles. Assuming that fibers within each type of muscle are oriented equally
and form a well organized and ordered structure in healthy state, regionally damaged muscle
zones can be identified in patients based on Fig. 3.19d and 3.19c. These changes as well as the
reported FA changes indicate a loss in the micro-structural integrity of back muscles in the
surgical area.
3.4.3 Discussion
This pilot study demonstrates the feasibility of turbo-STEAM DTI to monitor surgery-related
micro-structural changes in the back muscles of patients with spinal fusion. Combining STEAM-
based DWI with FLASH-readout enabled quantification of DTI parameters even in muscle parts
located close to metal implants. Furthermore, the application of long diffusion times during
STEAM preparation facilitated the identification of structural changes, such as affected direc-
tional integrity of muscle fibers as quantified by the fractional anisotropy (FA). In particular,
reduced FA values were found in the patients’ back muscles with largest differences observed
close to the implant. Together with representative tractography illustrations, which are prin-
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cipally in good accordance with previous fiber tracking studies of lower back muscles [Sieben
et al., 2016], the present results indicate a surgery-related loss of structural integrity.
In line with these results, similar observations have been made in previous DTI studies that
reported lower FA values and disordered fiber structures in injured human calf muscles after
muscle-tears [Zaraiskaya et al., 2006] or by means of animal models [Heemskerk et al., 2006;
Heemskerk et al., 2007]. Using an ischemic mouse muscle damage model, reduced FAs (and
simultaneously increased ADCs) were documented that predominantly arose from increases of
the second and third eigenvalue [Heemskerk et al., 2006]. These changes were associated
significantly with the level of tissue damage as quantified by histology. Further, by using a
femoral artery ligation model complex temporal and spatial patterns of the diffusion changes
were reported [Heemskerk et al., 2007]. After induced ischemia, ADC, λ2, λ3 as well as muscle
T2 increased significantly, with a maximum change at 3 days, when most muscle damage was
observed with histologic analysis. At day 10, diffusion values were reduced overall, whereas T2
remained increased, and at day 21, all parameters had largely returned to their normal values.
Additionally, transient changes in the direction of the principal eigenvector during the period
of maximum muscle damage were reported with more heterogeneous direction maps compared
to the normal state, in which a well organized (ordered) fiber structure was observed.
Although only five patients were included in this pilot study with each being measured only
once post surgery (2-4 weeks after intervention), and acknowledging that the processes due
to (direct or indirect) muscle damage during posterior spinal fusion are potentially different
from the processes occurring after muscle-tear or ischemia-induced injury, the presented results
support the notion of structural disordering due to surgery. However, it is still unclear whether
the FA changes remain constant and whether the structural changes can be ascribed to muscle
denervations and/or ischemic impairments. Further limitations of the present study are related
to the ROI-based analysis, which was restricted in patients to superficial muscle compartments
that were not affected by the metal-induced image artifacts. It may be argued that this
restriction introduces a systematic bias in the FA estimation since deep back muscles potentially
show higher FA compared to the superficial compartments. However, qualitative comparisons
of FA maps of patients and controls did not reveal systematic differences between both muscle
regions. Thus, this effect was neglected in this pilot study. The interpretation of pathological
changes is further complicated due to the high diversity of FA values along the head-feet
direction (i.e., trend of higher FA values cranial to L2). By considering previously described
FA increases in passively stretched muscles [Schwenzer et al., 2009], spatially dependent FA
alterations along H-F direction may be ascribed to pressure-induced passive deformation of the
muscles while lying in the MR scanner (indicated by Fig. 3.18a). Furthermore, higher fractions
of connective tissue, such as aponeuroses, may result in lowered FA values in these regions
(caudal to L2).
In conclusion, turbo-STEAM DTI can be used to study changes of micro-structural integrity
after muscle damage, such as due to surgery, whilst DTI quantities, like FA, may serve as
quantitative markers for muscle damage with potential applicability in (pre-)clinical therapeutic
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screening studies. In follow-up studies, larger patient cohorts with different surgical approaches
(open vs. percutaneous) have to be investigated, while accounting for the post-surgical period
and the applied treatment strategy. Future examinations in our lab will aim to evaluate
structural and metabolic turnover changes of back muscles after surgery by means of combined
DTI and 31P-MR spectroscopy (the latter will be introduced in the next chapter). This may
provide deeper insights into muscle damage and repair mechanisms. Further, it may allow to
monitor therapy-induced improvements of muscle function and to optimize therapy strategies.
The DTI-based fiber path information can be used to assess functional implications of muscle
(sub-)compartments and thus to constrain individualized bio-mechanical models, which are
promising tools in movement sciences and LBP research (see next section).
3.5 Future directions
Since diffusion tensor changes are related to muscle contraction, DTI might become an im-
portant tool for the evaluation of muscle function in the future [Deux et al., 2008; Schwen-
zer et al., 2009; Sinha and Sinha, 2011]. In particular, the proposed turbo-STEAM DTI
provides information of the individual deformation of fiber bundles during contraction with
respect to the intrinsic architectural diversity. This sequence also provides high sensitivity
against restricted diffusion processes resulting in high FA values, large numbers of tracked
muscle fiber bundles over long distances and a low within-subject dispersion of the pennation
angle [Noehren et al., 2015]. Hence, turbo-STEAM DTI enables valid 3D reconstruction of
the muscle architecture and assessment of structural parameters that may serve as the ba-
sis for individualized 3D bio-mechanical finite element (FE) models [Blemker et al., 2007;
Sieben et al., 2016]. Such models help to simulate realistically contractile behavior and are
consequently of special interest for bio-mechanical researchers.
Although FE models already appear in various domains of our daily routine - from optimized
objects, like footwear, orthopedic arch support, prostheses, over films and video games to areas,
such as medical device design, surgery simulations and ergonomics - they are limited to the
usage of simplified and therefore, in most cases, unrealistic muscle architectures [Böl et al.,
2013]. In addition, the models are not validated in such a way that they are able to predict
correct muscle forces and shapes of muscle packages during contraction periods so far. In order
to shed light on such evolution processes and to allow more accurate simulations of muscle
properties, the development and utilization of 3D muscle models is required based on com-
prehensive data sets including information about force evolution (force-velocity, force-length
and force-strain relations), active muscle force response and alignment of the fibers measured
from the same muscle [Böl et al., 2013]. The latter, which is enabled by means of DTI, has
already been successfully applied in bio-mechanical research by generating accurately shaped
FE meshes of a rat GM muscle and including DTI information of the muscle fiber architecture
[Van Donkelaar et al., 1999]. The results of this and subsequent research indicate that,
besides morphological information (muscle volume, tissue composition), knowledge of the fiber
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orientation may significantly improve the model-based simulations of force development and
transmission [Böl et al., 2011].
Recent attempts to generate comprehensive multi-scale 3D FE models incorporating muscle
fiber and motor-unit distributions or consisting of data describing characteristic force responses,
3D muscle shapes during isometric, isotonic and isokinetic contractions as well as fascicle ori-
entation throughout the whole muscle are limited to generalized structural information taken
from the literature [Röhrle et al., 2012b] or isolated muscles only [Böl et al., 2013]. This in-
formation, however, may significantly differ from integrative muscle structure in vivo and may
thus potentially limit the accuracy of muscle deformation and force generation simulations
[Siebert et al., 2014]. Therefore, DTI-based in vivo measurements of muscle architecture ob-
tained from multiple members of a synergistic group of muscles may offer a spectrum of new
and exciting possibilities to generate adequate 3D bio-mechanical FE models. Such models
may benefit, for instance, from multi-parametric MRI, which is able to provide information
about muscle volumes, muscle moment arms, muscle geometry, joint kinematics and fascicle
architectures at the same time [Blemker et al., 2007]. Furthermore, dynamic imaging tech-
niques, such as kinematic MRI (acquisition of static images at multiple joint positions), cine
phase-contrast MRI and real-time MRI can be combined to characterize strain fields predicted
by the models. However, conclusions drawn from current MRI measurements of muscle motion
are limited by inaccurately measured velocities or displacements within tendons that play an
important role in muscle mechanics. Therefore, ultra-short echo-time (UTE) pulse sequences,
which provide reliable imaging of tendinous tissue [Robson et al., 2004], may enhance the
value of dynamic MRI in the future. Once a detailed FE muscle model is available, which
would reproduce experimental findings, such as force evolution, it could be used to intensify
our understanding of muscle deformations, strain fields, functional implications, internal mus-
cle forces and the influence of muscle architecture on contraction dynamics [Böl et al., 2013].
It could also be used to obtain deeper insights into fatigue effects [Röhrle et al., 2012a;
Böl et al., 2011], growth phenomena [Zöllner et al., 2012], damage aspects [Ito et al., 2010]
and electro-mechanical activation behavior of muscles [Röhrle, 2010].
Future muscle DTI examinations may benefit from an analysis of the muscle fiber curvature,
which characterizes the stresses developed by intra-cellular contractile proteins [Damon et al.,
2013]. Development of alternative acquisition techniques (discussed in sec. 3.3.3) in conjunction
with dedicated tensor models may provide more precise estimation of muscle DTI parameters.
E.g., using a two-compartment model for tensor reconstruction considering anisotropic diffu-
sion in the intra- (muscle fiber cell) and isotropic diffusion in the extra-cellular space (endomy-
sium/perimysium) may allow to account for intra-muscular fat infiltration, which represents
an important determinant of muscle atrophy [Sinha et al., 2015]. Such advancements may
also improve the estimation of tensor-based structural parameters like the planar index CP
[Karampinos et al., 2009]. In addition, diffusion time and diffusion weighting-dependent DTI
can be applied to enhance the micro-structural specificity by assessing muscle fiber diameters
[Sigmund et al., 2014] and tissue heterogeneity [Marschar et al., 2015], respectively. The
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latter is assessable by means of diffusion kurtosis imaging (DKI), which quantifies the depen-
dence of diffusion parameters on the diffusion weighting and, thereby, provides micro-structural
information [Marschar et al., 2015]. Of note, future DTI studies may also benefit from mov-
ing to higher field and gradient strengths (> 7 T, > 1 T/m) by overcoming the major challenge
of limited SNR as prevailing in muscle DTI. This would facilitate DTI acquisition with higher
spatial and temporal resolution allowing to assess skeletal muscle function in greater detail
[Gondin et al., 2014].
Last but not least, recent studies have already demonstrated the clinical usefulness of mus-
cle DTI, such as in monitoring degenerative muscle diseases [Holl et al., 2008], in planning
of tendon transposition surgery [Kreulen and Smeulders, 2008] or in the evaluation of
acute muscle injury [Zaraiskaya et al., 2006], ischemia [Heemskerk et al., 2006], dystro-
phy [McMillan et al., 2011], inflammation [Qi et al., 2008] and aging [Sinha et al., 2015].
Furthermore, the capability of muscle DTI in characterizing the atrophy due to denervation
[Zhang et al., 2008], ischemic infarction of heart muscle [Wu et al., 2011] and muscle adap-
tations induced by training or rehabilitation [Okamoto et al., 2012] was demonstrated. And
despite many difficulties, DTI can be applied in the field of in vivo cardiac imaging to bet-
ter understand cardiac function, characterize cardiac pathology, and understand muscle fiber
remodeling in response to injury or disease [Kung et al., 2011]. Overall, basic and clinical
research studies based on DTI and appropriate muscle models may contribute to a deeper
understanding of bio-mechanics and widespread diseases, and thus are a key factor of future
musculoskeletal examinations.
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4 Quantitative MRI and MRS of muscle
function
In addition to muscle morphology and fiber architecture, muscle function characterized by
metabolic and vascular properties represents the major determinate of muscular capacity.
Against this background, this chapter introduces muscle functional MRI (mfMRI) techniques,
which enable the quantitative assessment of muscle function with high spatial resolution. After
a brief introduction of the technical principle and the clinical relevance of mfMRI (sec. 4.1),
phosphorus MR spectroscopy (31P-MRS) based on chemical shift imaging (CSI) and quantita-
tive T2-weighted MRI will be introduced in more detail (sec. 4.2, sec. 4.3). While 31P-CSI en-
ables spatially resolved quantification of load-induced metabolic changes, the T2-based mfMRI
provides high-resolution activation maps, which are determined by a mixture of metabolic and
vascular responses to muscular loading. In the subsequent section, a novel DWI-based mfMRI
approach will be introduced, which relies on an analytic model allowing quantitative differ-
entiation between load-induced diffusion and perfusion changes (sec. 4.3.4). After explaining
its physiological basis and technical principle, an in vivo study including 31P-CSI, T2 and
DWI-based mfMRI applied to healthy, human back muscles will be presented (sec. 4.4). This
study aims at the evaluation of interrelated, load-induced T2, metabolic, perfusion and diffusion
changes in a cohort of young, healthy volunteers, and was published in 2014 as an article in
NMR in Biomedicine [Hiepe et al., 2014a]. In order to investigate age-related changes of the
back muscle morphology and function, the proposed multi-parametric mfMRI approach was
extended in a subsequent study by morphological MRI and applied to two different age groups
(sec. 4.5). This study was published in 2015 as an article in Experimental Gerontology [Hiepe
et al., 2015]. Finally, the results of both studies will be discussed in terms of their significance
for understanding multi-focal mechanisms occurring during healthy aging as well as in diseased
states, such as in the case of non-specific low back pain (sec. 4.6).
4.1 Introduction
Non-invasive mfMRI enables identification of activated muscles and has been increasingly used
in recent years to resolve spatial patterns of muscular involvement in exercising human leg
[Ababneh et al., 2008; Damon et al., 2003; Tawara et al., 2011; Vandenborne et al.,
2000] and lower back muscles [Clark et al., 2009; D’Hooge et al., 2013; Dickx et al., 2010a;
Mayer et al., 2005]. By regarding recently documented increased mfMRI activation [D’Hooge
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et al., 2013] and more asymmetric mfMRI activation patterns [Clark et al., 2009] in loaded
low back muscles of patients suffering from low back pain (LBP), mfMRI seems to be of ad-
vantage for assessment of muscle impairments during manifestation of chronic non-specific
LBP. Furthermore, little is known to date about the physiological determinants affecting
muscle function during healthy aging. Generally, it is assumed that functional impairments
result in reduced maximum force capacity, while endurance, such as assessed with moder-
ate back extension exercises, is widely preserved during aging [Champagne et al., 2009;
Yassierli et al., 2007]. Functional determinants showing age-related changes are, e.g., the
vascular and metabolic capacities in the loaded state, such as previously reported for human
calf [Wray et al., 2009] and back muscles [Yanagisawa et al., 2009]. In addition, LBP pa-
tients reveal increased fatigability during isometric endurance tests [Biering-Sorensen, 1984;
Panjabi, 2003]. Hence, non-invasive measurement of muscle functional determinants by means
of mfMRI potentially represents an important tool to investigate degenerative modifications in
both normal and pathological state.
The mfMRI technique is based on the acquisition of T2-weighted MR images before and after
muscular loading and subsequent quantitation of the spin-spin transverse relaxation times T2
(details given in sec. 4.3.3). Thereby, on the one hand, the activated muscles can be visually
identified by enhanced signal intensity on T2-weighted images and, on the other hand, the T2
time constants calculated from a series of T2-weighted images with different echo times provide
a direct quantitative measure of muscular activation. The latter can be used to compare muscle
recruitment in different muscles and in different functional examinations. Previously, transient
activity-induced T2 increases were observed in skeletal muscles already after few contractions,
rising to a work-dependent steady-state within a few minutes of repeated contractions, and
recovering completely within 20−30 min following exercise [Patten et al., 2003]. Over a finite
range of sub-maximal workloads, the relationship between increased signal intensity and muscle
work was linear as reported for human calf [Fisher et al., 1990] and back muscles [Dickx
et al., 2010b]. Although the full set of mechanisms influencing T2 is not yet fully understood
(discussed in sec. 4.3.1), osmotically driven water shifts from extra- into intra-cellular spaces
have been reported as important determinants in response to the intra-muscular accumulation
of hydrogen ions and small metabolic osmolites [Bendahan et al., 2004; Damon et al., 2003;
Damon and Gore, 2005; Saab et al., 2000]. These conclusions were driven from previous
studies that combined mfMRI and dynamic 31P-MRS, where the latter enables quantitation of
energy metabolites, including inorganic phosphate, phosphocreatine, adenosine triphosphate,
and pH changes in loaded muscles (further details given in sec. 4.2).
Recently, it was, however, demonstrated that load-induced T2 changes are not completely
explained by metabolic changes as observed with localized 31P-MRS [Cannon et al., 2013]. Al-
ternatively, the effect of increased extra-cellular and/or blood volume, which results in increased
molecular diffusibility and elevated vascular volume fraction, has been hypothesized by several
authors to additionally contribute to the T2 changes in exercised muscles [Ababneh et al., 2008;
Damon and Gore, 2005; Morvan and Leroy-Willig, 1995; Morvan, 1995]. Using modern
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MR scanners molecular diffusion and vascular volume fraction of skeletal muscles became as-
sessable by applying DWI in combination with the intra-voxel incoherent motion (IVIM) model
(sec. 4.3.4). Recent muscle IVIM studies demonstrated the feasibility of extracting diffusion
and perfusion properties in the resting [Callot et al., 2003; Karampinos et al., 2010] and
exercised state [Filli et al., 2015; Yanagisawa et al., 2009]. However, combined analyses of
T2- and DWI-based mfMRI in exercised skeletal muscles have not been performed yet and ex-
perimental verification of an association between exercise-induced T2 and diffusion or vascular
volume changes is still required.
The primary goals of this work were therefore, first, to demonstrate the application of mfMRI
in combination with dynamic 31P-CSI and IVIM-based DWI for improved differentiation be-
tween diffusion, perfusion and metabolic effects in exercised low back muscles by using an
isometric trunk-extension exercise with potentially high clinical relevance in diagnosing LBP,
and second, to explore changes of structural and functional MR parameters between different
age groups in order to investigate mechanisms of impaired muscle function. To this end, changes
of T2, high-energy metabolism, molecular diffusion coefficients and vascular volume fractions
were determined in the lower back muscles M. multifidus and M. erector spinae of young and
late-middle-aged healthy subjects by using a self-constructed MR-compatible ergometer (which
is presented in sec. 4.4.1). In a first step, the previously reported hypothesis that changes in
metabolism and vascular volume fraction are underlying the T2 alterations in activated muscles
was evaluated based on data obtained in the young cohort by means of multi-factorial mixed
models, in which changes in T2 were related to changes in metabolism, molecular diffusion and
vascular volume fraction (results given in sec. 4.4).
In a second step, the multi-parametric mfMRI approach was applied to a second age group of
late-middle-aged subjects and extended by high-resolution T1-weighted anatomic MRI in order
to determine muscle cross-sectional areas and fat infiltration, which both represent important
biological contributors to the age-related loss of muscle strength [Goodpaster et al., 2006;
Korhonen et al., 2006; Nilwik et al., 2013] and are potentially related to the development
of LBP [D’Hooge et al., 2012; Fischer et al., 2013; Hebert et al., 2014; Kjaer et al.,
2007]. Hitherto, comprehensive analyses of age-related structural (muscle cross-sectional area,
fat infiltration, fiber structure and composition) and functional alterations (load-induced vas-
cular and metabolic changes) in skeletal muscles have so far not been performed. Therefore,
the obtained structural and functional MR quantities were compared between the two age
groups allowing to explore (i) age-related changes of vascular volume fraction and metabolic
turnover, (ii) effects of these changes on load-induced alterations of T2 relaxation as well as
(iii) associations between age-related changes of structural and functional parameters (find-
ings reported in sec. 4.5). It was hypothesized that functional determinants show age-related
changes, whilst the fatigability, however, remains practically unchanged (preserving of muscle
endurance), and that the functional impairments are related to structural changes, such as
quantified via perfusion-sensitive mfMRI (providing a surrogate for muscular vascularity) and
fat infiltration measurement (surrogate for muscle atrophy).
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4.2 Quantification of high-energy metabolism using 31P-MRS
In order to provide a basic understanding of the physiological principle of mfMRI, this section
introduces metabolic processes of skeletal muscles in greater detail (based on sec. 2.1.4), and
describes, how they can be non-invasively assessed by means of phosphorus magnetic resonance
spectroscopy (31P-MRS).
4.2.1 MR spectrum of phosphorous-containing compounds
Studies of muscular bioenergetics were among the first applications of in vivo 31P-MRS in hu-
mans, while this method was - for over a decade - the workhorse for muscle physiologists who
investigated high-energy phosphates and intra-cellular pH at different physiological and patho-
logical conditions [Boesch, 2007]. Although the number of phosphorus-containing compounds
in muscle is quite large, the in vivo 31P-MR spectrum is rather simple and mainly comprises
signals of adenosine triphosphate (ATP), phosphocreatine (PCr) and inorganic phosphate (Pi),
metabolites that play central roles in tissue energetics (Fig. 4.1). The following compounds are
present in lower concentrations and do not contribute significantly to the signal of the spec-
trum: phosphomonoesters (PME; including glucose-6-P, fructose-6-P, inosine monophosphate
and adenosine monophosphate) and phosphodiesters (PDE; such as membrane and bone phos-
pholipids).
Figure 4.1: Non-
localized 31P-MR spec-
trum of resting human
calf muscles acquired at
3 T by using a small ring
coil. The spectrum was
frequency-, phase- and
baseline-corrected and
contains peaks of the
high-energy metabolites
PCr, Pi and ATP. The α,
β and γ-ATP peaks refer
to the different phospho-
ryl groups starting with
the group closest to the
ribose (sugar molecule).
In general, MRS utilizes the effect that different chemical bonds create different shieldings
of the main magnetic field at the location of the nucleus and thus lead to shifts of its Lamor
frequency [Haacke et al., 1999]. The distance of the resonance frequencies from a chosen
reference frequency (νref ; in 31P-MRS typically corresponding to the PCr resonance) is termed
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chemical shift δ and is expressed in parts per million (ppm) relative to the system operating
frequency (ν0):
δ = ν − νref
ν0
× 106. (4.1)
The Fourier Transform of the acquired spectroscopic FID signal results in an MR line spectrum,
where the areas under the peaks are directly related to the metabolite concentrations in the
sample. Although the determination of absolute metabolic concentrations is feasible because
the resting ATP concentration in muscle is relatively constant at 8.2 mM [Dawson, 1982], it
is notoriously difficult since effects of T1 and T2 relaxation and signal overlapping, such as of
Pi and PDE, during intense loads, have to be taken into account. For this reason, relative
signal intensities normalized to the sum of the ATP peak integrals are used in this work to
compare dynamic spectra. In addition, 31P-MRS allows determining intra-cellular pH, which
is based on the fact that the Pi peak shifts in response to different concentrations of the
mono- and di-protonated forms of Pi ([HPO2−4 ] and [H2PO−4 ]) and can be derived from the
Henderson-Hasselbalch equation [Dawson, 1982]:
pH = 6.75 + log
[
δ − 3.27
5.69− δ
]
. (4.2)
4.2.2 Muscular bioenergetics observed by 31P-MRS
High-energy phosphates and pH dynamics are important indicators for the energy supply of
muscles during load, which is based on the splitting of ATP into adenosine diphosphate (ADP)
and inorganic phosphate [Barrett et al., 2003]:
ATP4− + H2O → ADP3− + Pi2− + H++ energy. (4.3)
The additional omitting ofH+ ions leads to pH decrease in loaded muscles. In order to maintain
a constant ATP level, ATP is re-synthesized by means of PCr hydrolysis, anaerobic and aerobic
gycolysis as well as by oxidative splitting of fatty acids [Barrett et al., 2003]. As the latter
two processes need some starting time, the initial ATP demand during workload is buffered by
PCr hydrolysis to compensate for a temporary ATP shortfall immediately after the onset of
exercise:
PCr2− + H+ ↔ Cr + Pi− . (4.4)
Hence, PCr serves as a short-term Pi reservoir, which will by metabolized in the creatine kinase
(CK) reaction to re-synthesize ATP from ADP with an additional release of creatine:
PCr2− + Mg ADP− + H+ ↔ Mg ATP2− + Cr . (4.5)
This process allows high-intensity workload of short duration, i.e. 10 − 20 s, until the PCr
pool is depleted [Gastin, 2001]. Therefore, an increased ADP concentration triggers anaerobic
glycolysis, which metabolizes the cellular glycogen to lactic acid via glucose-6-phosphate (with a
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net yield of only 2 ATP/glucose) with its peak after ≈ 0.5 min. After ≈ 1 min, the most efficient
aerobic decomposition of glucose and fatty acids (aerobic respiration yields 34 ATP/glucose)
supersedes the glycolytic ATP production, while pulse- and respiratory frequency are increased
until the requirements of muscle metabolism are met by aerobic ATP re-synthesis (equilibrium is
achieved after several minutes). Only during high-intensity loads, when the aerobic pathway is
insufficient, glycolysis continues by decomposing glucose delivered by the blood. With aerobic
ATP synthesis reaching a steady-state, the PCr decline stops and the remaining PCr pool
behaves as a shuttle for the transport of high-energy phosphates between the sites of production
and utilization of ATP [Barrett et al., 2003].
The dynamics of load-induced PCr depletion, Pi accumulation and pH alterations can be
directly observed with dynamic 31P-MRS by regarding, however, the limitation that the mea-
sured time courses reflect the superposition of the processes in multiple muscle fibers with
different bioenergetic properties [Rzanny et al., 2016]. A representative stack-plot of 31P-MR
spectra obtained in exercising human calf muscles is given in Fig. 4.2. It can be seen that
during onset of exercise, PCr degradation (through the CK reaction) is the major source of
Pi, and the time course of Pi is almost stoichiometric with the breakdown of PCr. Due to the
accumulation of degradation products, such as Pi and lactate, the Pi peak increases and shifts
towards lower δ, indicating tissue acidification [Tschiesche et al., 2014].
The rates of PCr breakdown and Pi accumulation together with the pH shift are associated
with the exercise-induced metabolic stress defined by the exercise conditions, such as work-
load and oxygen supply to the muscle. At low exercise intensities, homeostasis of the ATP
concentration leads to moderate PCr decline without significant pH changes [Roussel et al.,
2003]. Strong workloads, as demonstrated in Fig. 4.2, result in completely consumed PCr and
significantly reduced post-exercise pH values due to the higher rate of anaerobic glycolysis
[Tschiesche et al., 2014]. In general, the transition phase of progressive PCr decline to reach
a steady-state (PCr hydrolysis equilibrium) normally follow a mono-exponential time-course
with time constants typically ranging from 20− 70 s (Fig. 4.2). In order to extract these time
constants a temporal resolution of the spectroscopic measurements of 5− 15 s is required.
4.2.3 Non-localized 31P-MR spectroscopy
Combining surface coil based localization with 31P-MRS without any volume selection repre-
sents a most suitable approach for functional, high-temporal-resolution measurements in skin
adjacent muscles. Thereby, the volume-of-interest selection is intrinsically defined by the sen-
sitivity profile of the surface coil and no spatial encoding of the signal is required. When
acting as transmitter and receiver, the sensitivity profile of a circular coil forms a hemisphere
penetrating into the volume with a radius approximately equal to the coil radius [Ackerman
et al., 1980]. Since no preparation time due to gradient switching is required, acquisition of
the FID follows immediately the 90◦ rf pulse. This intrinsically avoids any T2 weighting of the
recorded signal and provides high SNR in spectra even when selecting short repetition times
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Figure 4.2: Dynamic 31P-MRS in human calf muscles. Top: A representative stack-plot of
non-localized 31P-MR spectra showing declining PCr and increasing Pi intensities as well as
a significant Pi signal shift during the exercise period (6 − 9 min). Bottom: Multiple time
courses of PCr and Pi intensities that were quantified based on data acquired at two different
work-levels (15% and 25% of maximum voluntary contraction, MVC) and smoothed by moving
averaging of five consecutive spectra (adapted from to [Tschiesche et al., 2014]). Results of
the repetitively performed measurements (n = 3) indicate the reproducibility of metabolic
quantities measured by means of dynamic 31P-MRS. Higher loading (25% of MVC) yielded
faster mean PCr and Pi changes (τPCr = 27.6 s, τPi = 28.0 s) and higher mean pH changes
(∆pH = 0.37) as compared to the lower load-level (τPCr = 65.1 s, τPi = 45.6 s, ∆pH = 0.16).
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(TR). Due to the fact that skeletal muscles are often located close to the skin surface and (at
least at first glance) relatively homogeneous, application of transmit/receive surface coils for
volume selection is tempting for dynamic 31P-MRS. However, as seen in the top right image
of Fig. 4.2, surface coil localization using a ring coil with a diameter of ø = 8 cm results in
an estimated sensitivity volume (dotted half circle), which is larger than the outlined region-
of-interest (ROI), i.e., the M. gastrocnemius medialis (GM). Hence, adjacent muscles like the
weaker-exercising M. soleus (SOL) also contribute to the non-localized 31P-MR spectra, which
in turn potentially leads to partial volume contamination that can cause wrongly determined
spectroscopic parameters [Rzanny et al., 2016]. To overcome this major disadvantage caused
by the signal heterogeneity, volume selection is required, which can be achieved by single-voxel
techniques, such as point-resolved spectroscopy (PRESS) based on spin-echo or stimulated
echoes, and by chemical shift imaging (CSI). The latter allows simultaneous measurement of
a voxel matrix and will be introduced in the next section. Single-voxel techniques, which are
based on SE or STE acquisition, are less suitable for 31P-MRS owing to the short T2 relaxation
times of most phosphorus compounds.
4.2.4 31P-chemical shift imaging
To acquire spectroscopic signals from a selected volume, gradient-controlled high-frequency
pulses are applied after frequency selective slice excitation. In chemical shift imaging (CSI),
gradient-mediated localization is realized by means of phase-encoding gradients prior to the
read-out [Brown et al., 1982]. Since frequency encoding can not be applied because the
spectral information is needed for chemical shift related separation of the different metabolites,
CSI measurements require long acquisition times depending on the number of PE steps in the
spatial dimensions. The spectroscopic information can be derived from a slice (2D-CSI) or a
volume (3D-CSI) by applying two or three PE tables, respectively. Due to the major limiting
factor of 31P-MRS, its inherent low sensitivity, 31P-CSI sequences typically acquire spatially
phase-encoded FID signals (instead of SEs) and, however, provide only limited spatial and/or
temporal resolution (which are inversely proportional to each other).
In order to achieve sufficient temporal resolution, the acquisition time (TA) of a complete k-
space needs to be shorter than 1 min. Therefore, compared to non-localized 31P-MRS, where an
optimum SNR per unit of measurement time is obtained when TR approximately corresponds
to the T1 relaxation time of the metabolites to be examined, a reduced TR has to be applied with
dynamic 31P-CSI. Considering the relatively long T1 times of phosphorus metabolites in muscle
(4− 7 s at 3 T), this results in significant T1 signal weighting of the equilibrium magnetization
and thus distinctly lower SNR. Typical voxel sizes in dynamic 31P-CSI investigations are 20−
40 cm3 based on a 8× 8 voxel acquisition matrix obtained within TA ≈ 30 s. Figure 4.3 shows
an exemplary stack-plot of localized 31P-MR spectra obtained unilaterally in the inner low back
muscles during moderate isometric loading (back extension). Compared to the non-localized
31P-MRS in the dynamically loaded calf muscles (Fig. 4.2), the stack-plot shows reduced SNR
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Figure 4.3: Stack-plot of localized 31P-MR spectra acquired in moderately exercised low back
muscles (right M. multifidus within blue voxels) using a 31P-CSI-FID sequence. Intensities were
normalized to the mean PCr intensity during rest. PCr depletion as well as Pi accumulation
exhibit two phases during exercise (10 − 20 min): an initial rapid phase during the first 1-2
minutes, followed by a second phase during which PCr and Pi concentration reach a steady
state. The native spatial and temporal resolution of the coronal CSI slice were (30×30×25) mm3
(8×8 voxel matrix) and TA = 27 s (TR = 920 ms, elliptical k-space sampling), respectively. Due
to spatial averaging (2 voxels in H-F direction), PSF blurring and sliding window reconstruction
of 5 consecutive spectra the effective spatial and temporal resolution were (45× 90× 25) mm3
and TA = 135 s, respectively.
and a lowered temporal resolution (TA = 27 s). As described before, temporal resolutions below
15 s do not allow reliable determination of mono-exponential time constants of the transient PCr
and Pi changes. At least, however, it provides an estimate of resting-state PCr and Pi values
as well as magnitudes of PCr and Pi changes during load, averaged over the PCr hydrolysis
equilibrium phase. The latter, in turn, requires moderate exercise intensities causing aerobic
energy supply (as performed in this work).
Besides the low spatial resolution, signal bleeding from outside the voxels into other parts of
the acquisition matrix grid due to the broad point-spread function (PSF) represents another
major limitation of 31P-CSI. This further reduces the (effective) spatial resolution of metabolic
measurements as the real voxel size is much larger than the nominal voxel size. For instance,
acquisition of an 8 × 8 voxel matrix (using elliptical k-space sampling) leads to a PSF with
a full width half maximum (FWHM) of approximately 1.5 voxel and thus to an enlargement
of the nominal voxel size by 50% (after Hamming filtering with a filter width of 50% that
suppresses the PSF side lobes; information provided by the vendor, TIM Trio; Siemens Health-
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care, Erlangen, Germany). This low effective spatial resolution in dynamic 31P-CSI limits the
inter-muscular differentiation of spectroscopic parameters acquired with the volume and may
lead to wrong results and misinterpretations.
4.3 Quantitation of muscle activity based on T2- and
diffusion-weighted MRI
Since 31P-MRS investigations suffer from low spatial resolution, new MR techniques for imaging
water protons were introduced during the past two decades in order to assess the spatial
pattern and extent of muscle utilization. The direct effects of exercise on T2-weighted MRI
contrast in skeletal muscles were first reported in 1988 [Fleckenstein et al., 1988]. From
that time on, it has been recognized that MRI could be used to distinguish between active
and nonactive muscle groups and provides functional information about exercising muscles.
Hence, muscle functional MRI (mfMRI), which is based on the acquisition of differently T2-
weighted MR images and subsequent quantitation of the T2 relaxation constant before and after
muscle loading, has emerged as a promising tool for studying the involvement of muscles during
exercise. However, this approach is limited by a missing full theoretical understanding which
physiological variables produce the mfMRI response and how their contributions may differ
during and after exercise [Damon et al., 2003]. Furthermore, the inherent difficulty of MRI of
being often unable to separate the compartments of multi-compartmental biological samples
results in measurements, which depend on multiple intrinsic parameters [Morvan, 1995]. For
instance, compartments, which can be distinguished on a spatial, chemicophysical, or functional
basis, and the effects of exchanges between these compartments complicate the possibility of
deriving intrinsic parameters from MRI signal analysis, implying that the extracted parameters,
like T2, should be only considered as apparent ones.
4.3.1 Origin of exercise-induced T2-changes
The mechanisms influencing T2 in skeletal muscle are highly complex and remain an intense area
of investigation. Early in vitro NMR relaxometry studies performed on isolated excised muscles
demonstrated that the T2 relaxation decay curve is multi-exponential and characterized by three
distinct T2 components of < 5 ms, 20− 40 ms, and > 80 ms, with the intermediate component
comprising the majority of the signal [Belton et al., 1972;Hazlewood et al., 1974]. Contrary,
due to limited echo spacings and low SNR, conventional T2-weighted MRI protocols do not show
multi-component T2 relaxation of muscle tissue and the measured signal decay appears to be
mono-exponential. Recently, combined in vivo T2-weighted MRI and NMR relaxometry was
performed and it was demonstrated that intense exercise has a profound effect on the multi-
component muscle T2 with changes in the magnitudes of all the T2 components, synergistically
increasing T2 extracted from T2-weighted MRI [Saab et al., 2000]. These authors reported
changes for two intermediate T2 components (found at ≈ 20 ms and 40 ms), which were both
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considered to be of intra-cellular origin, and for the third component (T2 > 100 ms), which was
attributed to extra-cellular fluid, of −44%, +52%, and +23%, respectively. The corresponding
magnitudes of these components were 34%, 49%, and 14% of the total MRI signal, which
indicates that the major contribution to mfMRI signal changes stems from increased T2 of
intra-cellular water protons. Of note, an increase of the total signal magnitude by 8− 9% was
attributed to an uptake of fluid from the vasculature.
Multi-component T2 investigations during exercise were extended by subsequent research
revealing additional insight into the mechanisms that underlie the increase of intra-muscular T2
during load. In particular, accumulation of metabolic end products was found to be responsible
for the water movement into the cells due to osmotically driven fluid shifts [Damon et al., 2003;
Louie et al., 2009;Vandenborne et al., 2000]. These water shifts mainly occur from one intra-
cellular compartment possessing a short T2 (≈ 20 ms) to a second intra-cellular compartment
having a longer T2 (≈ 40 ms). These results were supported by ex vivo investigations that
identified the intra-cellular compartments as the primary site of activity-induced T2 changes
[Damon et al., 2002a]. Additionally, it was reported that changes of both intra-cellular pH
(due to accumulation of lactate) and cellular volume predicted the intra-cellular T2 changes by
accounting for 70% of their variance. The residual contribution to the T2 alterations was again
attributed to increased extra-cellular and/or vascular fluid volumes.
Although skeletal muscle tissue comprises only low interstitial volume fractions, it is known
that changes of the extra-cellular space affect the mfMRI signal, and it was hypothesized by
several authors that increased extra-cellular, vascular volume changes also contribute to T2 al-
terations during exercise [Ababneh et al., 2008; Damon et al., 2003; Damon and Gore, 2005;
Saab et al., 2000]. A computer model, which was developed to examine how physiological fac-
tors altered during exercise affect the mfMRI signal, included metabolic (PCr, pH, lactate)
and vascular parameters (capillary recruitment, blood volume, blood oxygen extraction) and
well predicted experimental data [Damon and Gore, 2005]. It was shown that load-induced
increases of blood oxygenation, blood flow and blood volume are directly related to the (intra-
vascular) blood-oxygenation level-dependent (BOLD) contrast, which is expressed in altered
blood T ?2 constant and thus also in whole-tissue T2 relaxation times. Consequently, the super-
position of intra and extra-cellular phenomena results in a complex signal-time-course providing
information of metabolic and hemodynamic muscle tissue response during exercise. The hy-
pothesis of extra-cellular and/or vascular contributions to T2 changes has, however, not been
fully tested. In order to resolve this lack of information, mfMRI was applied in this work in
conjunction with a novel perfusion-sensitive DWI sequence.
4.3.2 Relationship between T2 and diffusion or perfusion changes
The relatively short T2 of muscle is an indicative of restricted water mobility and the lengthening
of T2 with exercise can arguably be rationalized as an overall increase in water mobility. If so,
the water diffusion coefficient would then be expected to increase after muscular loading. An
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early attempt of simultaneous T2 and diffusion measurements performed in exercised forearm
muscles showed that both parameters increased with exercise [Morvan and Leroy-Willig,
1995]. The authors attributed the changes of T2 to changes in water content, and changes of the
molecular diffusion coefficient were suggested to reflect temperature variations. More recent
work demonstrated a correlation between T2 and diffusion changes in exercised skeletal muscles
and reported similar recovery times of both measures [Ababneh et al., 2008]. These authors
attributed the T2 and diffusion changes to more ’free’ and less macro-molecular ’bound’ water
after exercise and confirmed the hypothesis that load-induced lengthening of T2 is caused by
an overall increase in water mobility.
Similar to T2, the diffusion coefficient D varies between muscle tissue compartments and thus
an apparent diffusion coefficient (ADC) is registered by means of DWI, which represents the
averaged value of different compartments within a voxel. Although T2 relaxation times strongly
vary between intra- and extra-cellular compartments in skeletal muscle tissue, this insight is
less established for the ADC. The most interesting condition involving a strong difference be-
tween ADC values is that of the vascular and the extra-vascular tissue compartmentalization as
proposed by Denis Le Bihan in 1986. By introducing the intra-voxel incoherent motion (IVIM)
model, differentiation between these compartments is enabled using DWI in combination with
a two-compartment model, which considers both the diffusion of water molecules in intra- or
extra-cellular spaces and the micro-circulation of blood in the capillary network [Le Bihan
et al., 1986]. According to the follow-up publication [Le Bihan et al., 1988], the signal attenu-
ation in DWI also depends on the timescale of the incoherent motion of water molecules in the
vasculature. If this timescale is much shorter than the time during which diffusion sensitizing
gradients are applied, the signal decay can be described by a bi-exponential function. There-
fore, the IVIM model enables quantitative assessment of the respective signal fractions and
ADCs of the vascular and extra-vascular compartment, and its application to skeletal muscle
potentially provides information about the underlying mechanisms of mfMRI.
Although an early one-dimensional IVIM-based DWI study of exercised skeletal muscles was
published showing significantly modified attenuation curves between rest and shortly after exer-
cise [Morvan, 1995], IVIM has not been frequently applied in skeletal muscle studies since then.
Only few studies have investigated the attenuation pattern (as a function of the b-value) in
skeletal muscles in detail [Callot et al., 2003;Karampinos et al., 2010] and reported exercise-
induced changes within the vascular and extra-vascular compartments [Filli et al., 2015;
Yanagisawa et al., 2009]. In the present work, a detailed description of the IVIM approach
and its application to skeletal muscle tissue is given in section 4.3.4. Following the introduction
of IVIM, combined T2 and IVIM-based DWI measurements is presented in order to examine
the mechanisms observed in mfMRI. The proposed multi-parametric mfMRI examination is
extended by 31P-CSI and is applied to exercised back muscles. This comprehensive study,
which is presented in chap. 4.4, provides improved differentiation between diffusion, perfusion
and metabolic effects affecting mfMRI.
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4.3.3 Quantitative T2-weighted MRI
Quantitative in vivo T2 mapping is notoriously difficult since conventional MRI techniques, like
spin-echo (SE) or multiple spin-echo (MSE) MRI, allow application of only a limited number
of echoes, and thus provide only an apparent T2 time constant reflecting an average T2 from
all contributing compartments. In addition to the low SNR obtained at long echo times,
conventional MRI techniques require long read-out periods inducing significant susceptibility
to respiration and arterial motion artifacts. Therefore, new mfMRI techniques have been
introduced in the past, which utilize rapid MRI in order to provide high temporal resolution
and robust signal read-outs [Ploutz-Snyder et al., 1997; Tawara et al., 2009]. In the next
paragraph, a brief introduction of rapid imaging strategies is given. For more details regarding
the principle concepts of rapid MRI, interested readers are referred to the comprehensive books
regarding MRI pulse sequences [Bernstein et al., 2004; Haacke et al., 1999].
Rapid imaging approaches
One prominent rapid imaging method is the fast spin-echo MRI sequence (FSE, alternatively
turbo-SE or TSE), which has widely replaced conventional SE imaging in clinical routine
[Reiser and Semmler, 2002]. This T2-weighted MRI sequence acquires an echo train to fill
k-space lines in the same slice (Car-Purcell-Meiboom-Gill echo train acquisition). Therefore,
180◦ pulses are applied, which continually refocus the decaying transverse magnetization and
produce phase-encoded SEs (Fig. 4.4). The PE gradients are applied in each repetitive read-
out interval, while the induced phase shift is canceled after each echo (see y-axis in Fig. 4.4).
This sequence requires a low number of repetitive excitations to achieve k-space filling and
thus provides accelerated data acquisition (echo train length of n = 5 yields a scan time of
one fifth of the time needed without acceleration). However, compared to the conventional SE
sequence, FSE-MRI reveals modified image contrast due to the acquisition of the differently
phase-encoded echoes at different echo times. Echoes which correspond to central k-space lines
primarily determine image contrast, whereas echoes acquired in the periphery of the k-space
define spatial image resolution, but also induce changes of the T2 weighting [Reiser and Semm-
ler, 2002]. Hence, only an effective echo time can be defined as the time to the echo showing
minimal phase encoding.
The major disadvantage of this sequence, however, is that imperfectly refocusing 180◦ rf
pulses lead to stimulated echoes, which introduce mixed T1 and T2 contrast into the image
and thus may result in an overestimation of T2 relaxation times as assessed via quantitative
T2-weighted MRI [Maier et al., 2003; Tawara et al., 2011]. Briefly explained, this is due to
incomplete refocusing of spins throughout the slice, which, in turn, create some magnetization
along the longitudinal axis (instead of in the transverse plane) that is stored and subsequently
flipped back into the transverse plane by subsequent imperfect rf pulses. Hence, later echoes
contain a stimulated echo contribution in addition to the SE signal that finally affects the
T2 measurement. Additionally, uncertainties of T2 quantitation are related to the different
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Figure 4.4: Simplified pulse timing diagram of a FSE-MRI sequence, which employs slice-
selective excitation (rf pulse plus Gz), frequency (Gx), and phase-encoding gradients (Gy) like
conventional SE-MRI, but applies multiple 180◦ rf pulses after an excitation with de- and
rephasing PE gardients utilized after and prior to each refocusing pulse, respectively. Thereby,
multiple phase-encoded SEs are acquired during an echo-train (the sequence part in brackets
further includes frequency-encoding gradients applied during data acquisition). Depending
on the echo-train length n, the repetitive read-out interval is applied 8, 16, 32 or more times
during each TR interval, while the SE amplitudes diminish following T2 decay (leading to image
blurring). In order to acquire multiple FSE images with different T2 weightings the echo-train
is repeated m-times, whilst the time between the initial excitation and the acquisition of the
m-th central k-space line primarily defines the image contrast.
T2 constants of fat and water (with higher T2 values for fat) as well as to J-coupling within
the lipid molecules, and thus to partial volume effects between fat and water signals. E.g.,
J-coupling, which leads to dephasing of the fat signal in conventional SE-MRI, is disturbed
in FSE-MRI (due to the short inter-rf-refocusing intervals), in turn, resulting in artificially
increased T2 relaxation times for fat [Reiser and Semmler, 2002]. Overall, modifications in
contrast and fat signal must be taken into account when interpreting FSE images.
An alternative fast and quantitative T2 measurement approach is given by spin-echo echo
planar imaging (SE-EPI). The basic idea of EPI is to generate a series of spin or gradient
echoes in a short period of time after an uniquely applied rf excitation. This is achieved by
the acquisition of differently phase-encoded echoes according to a gradient-switching scheme
[Mansfield and Grannell, 1973]. In this way, all rows of the k-space matrix are acquired
within one single sequence repetition. As illustrated in Fig. 4.5, the EPI read-out applied after
SE preparation collects phase-encoded gradient echoes (GREs) beneath an SE envelope, while
the central k-space line contains information about the T2 contrast and the PE is realized by
short gradient pulses (blips). The advantages of SE-EPI are very short acquisition times of less
than 200 ms per slice and thus an inherent low sensitivity to motion [Reiser and Semmler,
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Figure 4.5: Pulse timing diagram of the SE-EPI sequence generating multiple GREs after
slice-selective excitation (Gz) by means of an oscillating frequency-encoding gradient (Gx). PE
is achieved by using small gradient blips (Gy) during ramping of Gx. These blips successively
compensate the initial gradient moment applied prior to the 180◦ rf pulse. The central k-space
line is thus acquired when the PE pre-dephasing is completely rephased and the GRE amplitude
is maximized. The latter is defined by the TE-dependent T2 decay. The subsequently acquired
GRE amplitudes diminish following T ∗2 decay (inducing image blurring).
2002]. However, due to T ∗2 effects during the read-out period the sequence is very sensitive
to magnetic susceptibility variations leading to severe image distortions and signal loss. This
limitation is caused by the acquisition strategy itself where the signal is collected by reversing
gradient fields after applying a single 180◦ refocusing pulse. Therefore, this sequence cannot
reverse the dephasing resulting from susceptibility differences of adjacent tissues, which, in turn,
lead to geometrical image distortions and signal cancellations particularly close to interfaces
between, i.e., soft tissue, air and bones. As a consequence, outer k-space lines are not only
affected by T2 but also by T ∗2 relaxation yielding T ∗2 -related PSF blurring that limits the
spatial resolution [Haacke et al., 1999]. In order to account for this major limitation, EPI
acquisitions are typically limited to 128 × 128 pixels per slice and, since T ∗2 -related blurring
becomes larger with increasing TE, short echo times are typically applied, which are in the
range of the tissue’s T2 [Reiser and Semmler, 2002]. Distortion artifacts can be reduced by
k-space under-sampling as possible with phase-partial-Fourier or parallel imaging techniques,
such as SENSE [Pruessmann et al., 1999] or GRAPPA [Griswold et al., 2002].
T2-quantitation
T2-mapping is typically based on the signal analysis of a series of T2-weighted images with
incrementally increased echo times. In this work, T2-weighted images were acquired by means
of a multi-slice SE-EPI sequence as supplied by the vendor. To demonstrate mfMRI an initial
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study of exercised human calf muscles was performed with loading achieved by repetitive ex-
tension of the ankle joint (plantar flexion). T2-weighted images of 3 mm-thick transverse slices
(n = 24) were obtained prior to and post exercise with an in-plane resolution of 1.5× 1.5 mm2
(FOV = 258× 144 mm2; 172× 96 voxel matrix). The shortest echo time was TE1 = 23 ms us-
ing k-space under-sampling based on phase-partial-Fourier (factor 5/8). Each set of multi-echo
data (TE1−5 = 23, 33, 43, 53, 63 ms) was acquired within TAall = 100 s (TR = 2.5 s; NEX = 6,
TA = 20 s per echo). In order to reduce chemical shift artifacts and potential partial volume
effects affecting the T2-estimation in voxels containing subcutaneous or intra-muscular fat, the
fat signal was suppressed by means of frequency selective water excitation. For voxel-wise
T2-quantitation the sampled signal decays were mono-exponentially fitted based on (sec. 2.2.1):
S(TEi) = S(0) · e−
TEi
T2 . (4.6)
In addition, non-negative least square (NNLS) fitting was performed using the multi-echo data
in order to determine multiple T2 components of the signal decay (in the pre-defined range
between 1 − 150 ms). Images of the central transverse slice are shown in Fig. 4.6. Whilst
signals, such as originating from the M. gastrocnemius medialis (GM, right arrow), increased
due to exercise, other muscular regions did not show signal alterations. Muscles, such as the
M. tibialis anterior (TA, left arrow), are typically not involved during plantar flexion. Mono-
exponential fitting of the mean signal-time-course of the GM (averaged across the voxels in this
particular ROI) yielded pre- and post-exercise transverse relaxation times of T2,pre = 30.8 ms
and T2,post = 35.9 ms, respectively. NNLS fitting based on averaged pre- and post-exercise ROI
data resulted accordingly in line spectra with a single peak shifted from T2,pre = 29.5 ms to
T2,post = 33.5 ms. Furthermore, voxel-wise NNLS fitting of the GM data revealed that the T2
components mainly distributed within the range between 25 − 40 ms. These components can
be ascribed to intra-cellular (bound and unbound) water fractions (as described in sec. 4.3.1).
The T2 shift observed by both fitting methods typically corresponds to high workloads, such
as applied in this experiment and which leads to totally exhausted calf muscles.
The reconstructed multi-slice T2 maps of the exercised calf given in Fig. 4.7 further demon-
strate that T2 increased over a wide range of calf muscles, which, in turn, indicates activa-
tion/recruitment of these muscle compartments during load. In particular, the highest post-
exercise T2 values were observed in the GM (up arrow), whereas the T2 estimates of the TA
muscle remained nearly constant (left arrow). In essence, the initially reported findings indi-
cate that mono-exponential T2 fitting based on SE-EPI employing echo times in the range of
TE = 20 − 100 ms is sensitive to intra-cellular water components, whilst extra-cellular com-
ponents, such as intra-vascular water (T2 > 100 ms), do not significantly contribute to muscle
T2 as determined by SE-EPI. Furthermore, load-induced changes of these ’visible’ components
can be imaged with high spatial resolution.
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Figure 4.6: Transverse T2-weighted MR images of the human calf acquired pre- (top) and post-
exercise (bottom) at different echo times (from left to right: TE1−5 = 23, 33, 43, 53, 63 ms). In
addition, ROI-based analysis of signal obtained in the GM muscle is presented below, where the
signal-time-course of the corresponding voxels was used for mono-exponential (left) and NNLS
fitting (right). For illustrative purposes, pre- (grey dots) and post-load data (black dots) are
slightly shifted arround the actual TE (left graph). NNLS fitting was performed voxel-wisely
(results marked as circles and crosses for pre- and post-exercise data, respectively) and for
the mean signal of the GM (illustrated as T2 line spectra). The pre- and post-load T2 values
obtained with both fitting routines agree well showing similar exercise-induced increases. The
T2 spectra also indicate the shift toward higher T2 components with the majority of components
ranging between 25− 40 ms.
4.3.4 Intra-voxel incoherent motion model in DWI
MRI offers several non-invasive approaches to quantify muscle perfusion. Recently, arterial spin
labeling (ASL) imaging has been proposed to investigate local perfusion changes in muscle tissue
with high spatial and temporal resolution [Boss et al., 2006; Frouin et al., 2006; Schraml
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Figure 4.7: Reconstructed multi-slice T2 maps of human calf muscles acquired pre- (left) and
post-exercise (right) based on data shown in Fig. 4.6. The color-coded T2 maps, which were
obtained by voxel-wise fitting of the signal course as function of TE (Eq. 4.6), indicate, e.g.,
significantly recruited muscles (GM, up arrow) and less activated muscles (TA, left arrow).
et al., 2011; Wray et al., 2009]. However, ASL-based perfusion quantitation is limited by
early magnetization decay of the tagged spins, low SNR and relaxation time changes during
exercise. The latter includes the change of the effective transverse relaxation time T ∗2 due to
the blood-oxygen level dependent (BOLD) effect. This effect is characterized by changes in the
micro-vascular ratio of diamagnetic oxyhemoglobin (oxyHb) to paramagnetic deoxyhemoglobin
(deoxyHb), and represents the basis of functional T ∗2 -weighted MRI, which is an alternative
approach to measure oxygen saturation of hemoglobin and micro-circulation in skeletal muscles
[Damon et al., 2007; Noseworthy et al., 2003]. The main limitation of this method is,
however, that it measures a mixture of several effects, such as oxygen consumption, blood
content and metabolically driven T2 increases, rather than ’pure’ tissue perfusion.
In search of reliable non-invasive tools for perfusion imaging and quantification, recently
the focus has been put on intravoxel incoherent motion (IVIM) imaging, a concept that was
first described by Denis Le Bihan [Le Bihan et al., 1986]. The IVIM technique is based on
DWI acquired at different b-values and refers to a two-compartment model taking into account
contributions of both diffusion and perfusion to the signal attenuation in DWI. The diffusion
and perfusion-related signal attenuations are related to the Brownian motion of intra- and
extra-cellular water and to the micro-circulation of blood in the capillary network, respectively.
The circulation of water molecules in the vasculature is considered as incoherent motion due
to the pseudo-random orientation of capillaries at the voxel level (Fig. 4.8), and its fractional
volume is called perfusion fraction f (or vascular volume fraction), which typically involves
only a few percent of the total water content within the voxel. The superimposed diffusion and
perfusion-related signal decay can be expressed by using a bi-exponential model [Le Bihan
et al., 1988]:
Sb
S0
= (1− f) · e−bD + f · e−bD · F, (4.7)
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where the signal attenuation of the tissue fraction (1 − f) is described by the ’pure’ molecu-
lar diffusion coefficient D and the perfusion fraction f undergoes additional perfusion-related
dephasing which, in turn, results in additional signal attenuation with the expectation value
F =
∣∣∣〈eiφ〉∣∣∣ = ∣∣∣∣∫ ρ(φ)eiφdφ∣∣∣∣ . (4.8)
The perfusion-related signal attenuation thus depends on the phase distribution ρ(φ) of water
molecules in blood during the diffusion sensitizing, which is determined by the blood velocity ~v
and the capillary geometry. Assuming that the capillary network can be modeled by a network
made of straight capillary segments (first and second model in Fig. 4.8), F will depend on the
mean segment length l and mean velocity ~v of blood in vasculature (both averaged over the
voxel dimension) as well as on the measurement time T (corresponding approximately to the
echo time TE). Further assumptions of the IVIM theory are:
• Blood particles move with ~v = |v| during the total duration T of the diffusion gradients,
which is either the same for all particles or follows a distribution.
• After a characteristic time τ or a capillary segment length l has passed, particles change
their movement direction (but not its |v|), which happens multiple times during T .
• Due to the pseudo-random orientation of the capillaries at the voxel level the velocity
directions are randomly distributed. The distribution of velocities is isotropic and the
velocity directions before and after a change are uncorrelated.
• The vascular volume fraction f and the intra- and extra-cellular water fraction (1 − f)
are assumed to have similar values for D and exchange between water in- and outside
capillaries is neglected (Fig. 4.8, right).
Regarding the geometry of vascular networks, two extreme cases can be distinguished: The
first model assumes that τ is several times smaller than the diffusion time T (approx. T/τ > 7).
Then the movement of water in the capillary network mimics the diffusion process as phase
distributions become approximately Gaussian (Fig. 4.8, left). The signal attenuation in this
case is then described by a pseudo-diffusion coefficient D∗ = vl/6 = v2τ/6 of the vascular
fraction and defined by F = e−bD∗ . This results in the following signal intensity equation:
Sb
S0
= (1− f) · e−bD + f · e−b(D+D∗). (4.9)
The second model refers to cases, when the capillary segments l (or τ) are longer, the blood
velocity ~v is slower, or the measurement time T is shorter, as then the blood flow directions
do not change multiple times during T (Fig. 4.8, middle) and the echo attenuation F becomes
different. In these scenarios only a very small fraction of the protons change their movement
during the applications of the diffusion gradients, while the majority of particles acquire a
phase, which is proportional to the cosine of the angle between movement direction and the
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Figure 4.8: Two models of a capillary network composed of straight capillary segments as
well as a simplified biological model (taken from [Le Bihan et al., 1988]). Left: In the first
model blood flow directions change several times during T and the movement of water is
thus described by a pseudo-diffusion coefficient. Middle: In the second model the blood flow
directions do not change during T (indicated by the shorter arrows) and signal attenuation
different from the pseudo-diffusion will be observed. Right: The biological model is described
by a vascular volume fraction f with protons diffusing in capillaries (a) and an extra-vascular
volume fraction, which is only involved in diffusion. The latter comprises extra- (b) and intra-
cellular (c) spaces with exchange between these two compartments (e). Exchange between
inside capillaries and outside capillaries (d) is neglected due to slow exchange regime between
both compartments.
axis of the diffusion gradients. Assuming pseudo-random orientations of the capillary segments,
the average dephasing of the transverse magnetization remains zero (F → 1) and the effect of
the capillary flow is a pure signal amplitude attenuation (similar to the diffusion or pseudo-
diffusion approach). If net flows persist, i.e. if voxels include small vessels rather than capillaries
only, a non-zero average dephasing will contribute to the signal attenuation. However, in both
these scenarios the perfusion-related signal decay will occur faster than the diffusion-related
attenuation allowing them to be separated on a quantitative basis by means of the IVIM
model. Typical signal curves as a function of the b-value are illustrated for brain and liver
in Fig. 4.9 (IVIM parameters taken from [Le Bihan, 2008]). It is clearly visible that the
signal attenuation due to the blood flow is an order of magnitude faster than the diffusion-
associated signal decay (D∗  D) and thus dominates signal behavior in the low b-value regime
(b < 100 s/mm2). Furthermore, the signal fraction of the perfusion compartment contributing
to the non-weighted signal S0 is higher in the liver (f = 15%) than in the brain (f = 8%), and
the higher f as well as D∗ values in the liver results in stronger perfusion-related signal losses
at low b-values.
Previously, IVIM was used to investigate the structure and vascularity of human brain and
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Figure 4.9: Simulated DWI signal attenuation curves for brain and liver as a function of the
diffusion weighting (b-value) as proposed by the bi-exponential IVIM model. The signal be-
havior is determined by the self-diffusion coefficient D based on Brownian motion, by the much
faster pseudo-diffusion coefficient D∗ and by the vascular volume fraction f , which represents
a surrogate of tissue perfusion.
tumor tissue [Le Bihan et al., 1988]. However, due to its high sensitivity against SNR [Pekar
et al., 1992], IVIM imaging was not frequently used in (pre-)clinical studies until recent scanner
developments, such as higher field and gradient strengths, have enabled its application a few
years ago [Le Bihan, 2008]. Recent studies have shown the effectiveness and sensitivity of
IVIM as a marker of vascularity in abdominal organs, such as liver, pancreas and kidney
[Lemke et al., 2009; Lemke et al., 2011; Luciani et al., 2008; Zhang et al., 2010]. In addition,
numerous IVIM models and theories have been suggested and investigated using flow phantoms
or flow models to better understand perfusion/diffusion contrast as influenced by flow velocity
distributions and geometry of the flow branches and segments [Cho et al., 2012; Henkelman
et al., 1994; Kennan et al., 1994]. However, the determination of IVIM parameters was found
to be challenging. For instance, a recent study reported poor measurement reproducibility of f
and D∗ estimates in normal liver and metastases [Andreou et al., 2013]. Regarding the SNR
dependency, simulations suggested the acquisition of a minimum of 10 b-values when performing
single signal-averaged IVIM imaging [Lemke et al., 2011]. In particular, it was shown that
estimation of D∗ is even more demanding than estimation of f by fully fitting noisy data to
Eq. 4.9 [Pekar et al., 1992]. Overcoming the ambiguity of the fit solutions has been a prevailing
research topic but recent research provided an explanation of the large variation of D∗ values
reported in literature. It was found that the characteristic timescale of the incoherent motion
is not in the appropriate range (T/τ > 7) for assuming the pseudo-diffusion limit with typical
DWI experiments in liver and pancreas [Wetscherek et al., 2015]. The authors concluded
that the bi-exponential description does not adequately model the diffusion signal and that the
signal attenuation of the perfusion compartment can not be described solely by D∗. Therefore,
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and as stated early [Le Bihan et al., 1988], the main purpose of IVIM imaging in this work
is to generate separate maps of the diffusion coefficient D and the perfusion fraction f by
robust voxel-wise parameter fitting of multiple DW images, regardless of capillary geometry or
blood velocity. The obtained perfusion fraction maps can then be interpreted as density maps
of active capillaries in which blood is flowing. The implementation of D∗-measurement was
not within the scope of the present work. The IVIM fitting approach allowing reliable D and
f mapping in muscles is presented in the next section (sec. 4.3.4). This method enables the
interrelation of muscle functional diffusion and perfusion measurements with T2-based mfMRI
in order to gain better understanding of the origin of exercise-induced T2-changes (results given
in sec. 4.4).
IVIM in skeletal muscles
To investigate whether diffusion-related compartmentalization could be observed in skeletal
muscle and whether this compartmentalization was affected by exercising, attenuation curves
of signal against diffusion weighting were initially analyzed based on 1D measurements in hu-
man forearm muscles [Morvan, 1995]. The author reported exercise-dependent bi-exponential
signal behavior and addressed the question of the appropriateness of bi-exponential signal
modeling for muscle tissue. One particular concern was related to the distribution of convec-
tive micro-circulatory displacements, which would justify a bi-exponential model. A Gaussian
distribution of velocity directions, which is implicit to the pseudo-diffusion concept and not
appropriate in the case ofregular capillary ordering, may not be valid in skeletal muscles as
they reveal an anisotropic capillary bed with ≈ 3/4 of capillaries being parallely aligned to
the muscle fibers [Mathieu-Costello, 1987]. However, since the micro-circulation in muscle
is organized in bundles with lateral cross-connections of capillaries [Skalak and Schmid-
Schiinbein, 1986], it was concluded that the vascular geometry of muscles does not preclude
a pseudo-diffusion process [Morvan, 1995].
Subsequent studies of the myocardium of dogs [Callot et al., 2003] and human calf muscles
[Karampinos et al., 2010] reported, however, anisotropic IVIM signal with highest f values in
the main direction of the muscle fibers. These authors defined an apparent (or ’visible’) intra-
vascular fraction fa depending on the angle between the average micro-vasculature orientation
and the applied diffusion encoding direction. This estimate represents the signal-weighted
fraction of intra-vascular spins moving in a specific diffusion-encoding direction, which is the
contribution mostly from spins contained within capillaries oriented along that specific direc-
tion. It has been suggested that the variation of fa for different diffusion-encoding directions
characterizes the degree of micro-vascular anisotropy by taking into account the underlying
fiber orientation, while the (apparent) D is independent on the degree of vascular geometry
[Karampinos et al., 2010].
As stated in the previous section, the main challenge for in vivo IVIM imaging of skeletal
muscles is the low sensitivity of the diffusion signal to micro-circulatory flow effects and the
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inherent low SNR due to T2-related signal loss [Pekar et al., 1992]. Both factors affect the
amount of perfusion-related signal variations and thus complicate a straight forward application
of the bi-exponential fit model. This issue is illustrated in Fig. 4.10 showing representative IVIM
data, which were obtained prior to and post exercise of the human calf muscleM. gastrocnemius
medialis (GM). The voxel values of the ROI (marked as thin and thick black crosses for data
obtained pre- and post-exercise, respectively) are used to determine the mean Si/S0 signal
curves as a function of the b-value, which are then fitted to the bi-exponential IVIM model
according to Eq. 4.9 (black lines). It is clearly visible that the perfusion-related signal loss -
especially in the resting state - is much smaller in skeletal muscles than compared to brain or
liver (f < 8%). However, since typical D∗ values in skeletal muscles are also much higher than
D (approx. ten-fold) diffusion-related compartmentalization is visible showing much faster
decay of the signal originating from the intra-vascular space than of the signal from the extra-
vascular space. Consequently, signal originating from the micro-circulatory network can be
assumed to be totally attenuated in the high b-value regime (b > 100 s/mm2) and the pseudo-
diffusion D∗ can be separated from molecular diffusion. The latter can be quantified by using
the asymptotic limit expression of Eq. 4.9:
Sb
S0
= (1− f) · e−bD, (4.10)
where f describes the deviation of the asymptotic extrapolation of the high b-value behavior
from unity and D determines the slow mono-exponential tail of the (theoretical) bi-exponential
curve (also demonstrated in Fig. 4.10). The initial faster signal attenuation in the low b-value
regime (b < 100 s/mm2), which is related to D∗, is, however, not accessible using this mono-
exponential approximation. Contrary, mono-exponential curve fits provide reliable extraction
of the vascular volume fraction f and the molecular diffusion coefficient D as demonstrated by
similar estimates for bi- and mono-exponential curve fitting (see legend in Fig. 4.10). In addi-
tion, simulations supported the validity of the separation between the perfusive and diffusive
signal loss by mono-exponential fitting of high b-value data (see Fig. 4.11).
IVIM parameter mapping in muscles
In order to provide reliable (directional independent) f and D mapping based on voxel-wise
mono-exponential fitting a series of diffusion-weighted images has to be acquired comprising
multi-b-value measurements in at least three non-collinear directions with high SNR. There-
fore, IVIM images were acquired in this work by means of diffusion-weighted spin-echo twice-
refocused EPI, which is based on the diffusion sensitizing Stjeskal-Tanner sequence (sec. 2.3.3)
and provides the temporal resolution needed for mfMRI. To overcome the violation of the pre-
condition of a Gaussian (normal) distribution of the convective micro-circulatory displacements
due to the anisotropic capillary bed in muscles, trace-weighted DWI with diffusion sensitizing
in three orthogonal directions was applied in the present experiments as previously suggested
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Figure 4.10: DWI signal attenuation curves obtained pre- (thin crosses) and post-exercise
(thick crosses) in a human calf muscle (GM), which were fitted by means of mono- (red lines)
and bi-exponential IVIM functions (black lines). For illustrative purpose, post-exercise data
were shifted by ∆b = 10 s/mm2. Since in skeletal muscle tissue pseudo-diffusion D∗ is typically
an order of magnitude higher compared to molecular diffusion D, the perfusion-related signal
attenuation becomes only significant at low b-values (b < 100 s/mm2). Therefore, f and D
can be quantified either by fitting the complete signal decay based on Eq. 4.9 or by mono-
exponential fitting of the high b-value regime (b > 100 s/mm2) according to Eq. 4.10. As
indicated by similar D and f estimates obtained by both approaches (see legend), it can be
assumed that the contribution of the signal originating from the micro-circulatory network can
be safely neglected in the high b-value regime and mono-exponential fitting represents a valid
approximation in IVIM quantitation.
[Callot et al., 2003; Filli et al., 2015]. An initial feasibility study was carried out by perform-
ing multi-b-value SE-EPI in exercised human calf muscles (loading due to repetitive plantar
flexion). This experiment aimed at evaluating the sensitivity of the proposed IVIM sequence
protocol to exercise-induced perfusion changes as indicated by changes of the perfusion fraction
f . Therefore, pre- and post-load DWI data were acquired (1.5×1.5 mm2; FOV = 258×144 mm2;
3 mm-thick transverse slices) each within TA = 7 min (TEmin = 72 ms; TR = 3 s; NEX = 3).
The data sets included 12 trace-weighted acquisitions with linearly increased b-values between
(0 − 550) s/mm2 (increment of binc = 50 s/mm2) and were used for voxel-wise fitting of the
magnitude data by using Eq. 4.10. The reconstructed D and f maps of multiple transverse
slices of are shown in Fig. 4.12. As it can be clearly seen in the D maps, this parameter in-
creased with exercise over a wide range of muscles with largest changes in the GM muscle (up
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Figure 4.11: Error of D and f estimates obtained by mono-exponential approximation based
on simulated (noise-free) bi-exponential IVIM data. The error of both parameters was deter-
mined for different perfusion fractions and pseudo-diffusion coefficients (ftrue = (1− 25)% and
D∗true = (1 − 50) × 10−3 mm2/s with constant Dtrue = 1.5 × 10−3 mm2/s). In essence, differ-
ences of ftrue− fapprox (given in percentage points, p.p.) and Dtrue−Dapprox show substantial
deviation from zero only for ftrue > 5% and simultaneously for D∗true < 15 × 10−3 mm2/s.
This is due to the remaining perfusion-related signal attenuation in the high b-value regime.
However, such low D∗true values for f > 5% are far away from previously reported values in
muscles [Filli et al., 2015; Morvan, 1995].
arrow). Contrary, f maps showed only slight increases in the GM with highest f values in
medial calf regions, which can be attributed to large vessels (down arrows). Muscles, normally
not exercised during plantar flexion, like the M. tibialis anterior (TA), showed no significant
D and f changes (left arrow). However, identification of recruited (sub-)muscle compartments
based on f maps is complicated due to heterogeneous distributions with several voxels showing
physiologically non-plausible f values below 0% (white voxels). This may hide valuable infor-
mation and limits the interpretation of DWI-based mfMRI. Therefore, a denoising approach
was implemented in this work, which enables filtering of the signal attenuation curves within
a spatial kernel and thus provides improved mapping quality (see next section).
Denoising of IVIM images
Compared to conventional MRI, diffusion-weighted images suffer from inherently low SNR due
to low signal amplitudes. In general, low SNR impairs DWI analysis by biasing the quantitation
of the diffusion coefficients [Jones and Basser, 2004]. Many denoising approaches, like spatial
Gaussian filters, use signal averaging based on the natural spatial pattern redundancy in the
images [Manjon et al., 2009]. However, they have the disadvantage of blurring edges due to
averaging of non-similar patterns. More appropriate edge preserving filters reduce this effect but
do not taking advantage of the multi-component intrinsic nature of MRI studies, which allows
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Figure 4.12: Reconstructed multi-slice D (top) and f maps (bottom) of human calf muscles
acquired pre- (left) and post-exercise (right). Except for the TA (left arrow), all calf muscles
show increased D values with the largest changes in the GM (up arrow). The f maps show
highest values in areas of the inner muscles, which can be ascribed to signal originating from
large vessels (down arrow) and slight load-induced changes in the GM (up arrow).
to consider spatial intensity variations by analyzing the image series instead of a single image.
Recently, it was suggested that series of MR images comprising different contrasts/weightings
but revealing the same spatial information can be used to identify structure edges that allows
to restore image sharpness by image denoising using the correlated information in such images.
This approach was originally proposed for multi-contrast MRI [Manjon et al., 2009] and
multi-directional DTI data [Manjon et al., 2013]. It is based on principal component analysis
(PCA) and provides noise removal by locally shrinking less significant principal components of
the multi-contrast MRI data. In order to filter IVIM images this denoising method was applied
in this work by taking into account multi-b-value DWI data, thus reducing random noise of
the signal attenuation patterns.
PCA represents an orthogonal linear transformation that converts a set of observations of
possibly correlated variables into a set of values of linearly uncorrelated variables called prin-
cipal components [Jolliffe, 1986]. Thereby, it maps the data into a new coordinate system
such that the greatest variance, by any projection of the data, comes to lie along the first axis
(called the first principal component), the second greatest variance along the second coordinate
(second principal component), and so on. In general, the number of images for PCA has to be
larger than the number of independent significant image components. This theoretical issue
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can be overcome by performing PCA decomposition over small local windows instead of the
whole image [Manjon et al., 2013]. The basic idea of using local image patches for PCA of
IVIM images is that every voxel signal can be filtered by decomposing the local surrounding
square window for the multi-b-value image series and subsequently attenuate the less significant
principle components. In this work, 3D decomposition patches were defined for each voxel xi
of the image domain in each diffusion-weighted image k. Afterwards, the voxel values within
the patch surrounding xi are reordered as a column vector yielding the matrix
X = N ×K (4.11)
with N being the number of voxels of the local window and K the number of applied diffusion-
weightings. Then PCA is performed based on this local matrix X (based on eigenvalue de-
composition as described in [Jolliffe, 1986]). The calculated (orthogonal) eigenvectors are
stored as columns in a squared matrix U (size of K×K) and the associated eigenvalues, which
correspond to the amount of variation of the new components, are stored in a diagonal matrix
S (size of K ×K). The new coordinates of the original data are computed by a simple matrix
product:
Y = XU. (4.12)
In order to reduce the noise, the obtained components can be processed (in several ways) and
subsequently used for recomposition of the original matrix. Since multi-b-value data typically
show only one dominant component, which represents the signal attenuation as a function of the
b-value, thresholding of the eigenvalue matrix S is performed by canceling all coefficients except
the first eigenvalue (values in the diagonal of S are set to zero). The modified diagonal matrix
Sˆ is then used to obtain the denoised original matrix through inverse PCA transformation:
Xˆ = Y UT Sˆ. (4.13)
Since local PCA denoising based on overlapping patches provides multiple estimations for
a particular voxel, the filtered intensity value can be obtained through averaging over the
multiple overlapping windows estimates. Initially, the noise reduction due to the proposed
PCA approach was evaluated by simulations based on N = 27 noisy bi-exponential signal
attenuation curves (b = 0 − 400 s/mm2, binc = 50 s/mm2, K = 9). The number of multiple
observations N corresponds to a 3× 3× 3 voxel window. Each curve was composed as a sum
of ideal data (defined by f = 5%, D∗ = 50× 10−3 mm2/s, D = 1.5× 10−3 mm2/s as typically
observed in muscles) and additive Gaussian noise (SDnoise = 3 · f). As shown in Fig. 4.13,
decomposing of these curves into the underlying components and using the first (strongest)
principal component to recompose the denoised signal courses resulted in a significant reduction
of the standard deviation (SD) for ln(Si/S0) at each i-th b-value (indicated by smaller errorbars
of the denoised data compared to noisy data). This demonstrates that the proposed PCA
denoising algorithm provides SNR improvement in signal attenuation courses.
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Figure 4.13: Noise reduction of simulated signal attenuation curves by PCA based on sim-
ulated ideal (dashed line), noisy (gray errorbars) and denoised IVIM data (black errorbars).
Whilst the mean signal Si/S0 is not affected due to PCA denoising, the standard deviation
across the N = 27 intensity values at each b-value is markedly reduced (indicated by lower
errorbars). Principally, the noise removal is done by decomposing the multi-b-value signal into
the principal components, attenuating less relevant components and reconstructing again.
However, since reduction of the principal components to the first eigenvalue results in spatial
filter characteristics, such as blurring, and because the sampling density of diffusion weightings
is limited due to the restricted acquisition time frame available during functional measurements,
an appropriate trade-off between patch size N and the number of employed diffusion weightings
K has to be considered for sufficient PCA-based denoising. Thus, further simulations were
performed with the same parameters above (b, D, etc.) but with varying numbers of N and
K. Resulting SD differences across N intensity values based on noisy and denoised data with
respect to K different b-values [difference of SDraw data(b) and SDdenoised(b)] are illustrated in
Fig. 4.14. The results show that increasing the voxel number N reduces the mean SD (across
different b-values) as indicated by a larger difference SDraw − SDden . A similar trend is visible
for lower b-value increments and thus for higher sampling densities of diffusion weightings. For
a patch size of 3 × 3 × 3 voxels (N = 27) a b-value increment of binc < 50 s/mm2 (K = 9)
yields distinct noise reduction, which is, however, higher than for lower DWI sampling density.
This level of noise removal remains constant for a wide range of higher N (at constant K) or
for lower binc (at constant N). Only for binc < 20 s/mm2 a significantly higher noise reduction
is achieved, which would, however, result in an exorbitantly long acquisition time that is not
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Figure 4.14: Noise reduction by local PCA
denoising as a function of the number of
considered b-value samples K (defined by
the b-value increment) and of the patch size
taking into account N simulated signal bi-
exponential attenuation curves (parameters
given in the text). The noise reduction is de-
termined by the difference between the stan-
dard deviation (SD) across N intensity val-
ues of raw (noisy) and denoised data both
averaged over K b-values. Highest improve-
ment is provided for low b-value increments
and a high number of considered voxels. A
distinct noise reduction is already achieved
for binc < 50 s/mm2 and N = 20 voxels,
which represents a reasonable trade-off be-
tween noise suppression and the limited spa-
tial and temporal resolution in mfMRI.
applicable in mfMRI. Therefore, DWI sampling densities of binc ≈ 50 s/mm2 represent a proper
choice when performing noise removal by means of the proposed local PCA denoising approach
analyzing a 3× 3× 3 voxel kernel in the image domain.
The local PCA denoising based on a 3 × 3 × 3 patch was finally applied to the previously
shown IVIM data of exercised calf muscles (binc = 50 s/mm2). TheD and f maps reconstructed
based on raw and denoised data are shown in Fig. 4.12 and Fig. 4.15, respectively. Improvement
of the mapping quality due to filtering is clearly visible. Especially the f maps show less non-
physiological values (f < 0%) and provide improved visualization of local exercise-induced f
changes. It can be concluded that the proposed local PCA algorithm robustly reduces noise
by using information not only in the spatial domain but also in the inter-component (b-value)
domain without significantly affecting the original image resolution.
4.4 Interrelations of 31P-CSI, T2- and diffusion-weighted MRI in low
back muscles
Since investigations of back muscle physiology are important for understanding the role of
muscle strain in the development of low back pain, T2- and diffusion-weighted MRI as well
as 31P-CSI were applied in exercised back muscles of volunteers using a exercise protocol
with potentially high clinical relevance (the methodology is described in sec. 4.4.1). In a first
study, young, healthy subjects were examined by analyzing differences between pre- and post-
exercise MR parameters as well as between the different back muscles (sec. 4.4.2). Furthermore,
associations between the degree of perceived exertion and different MR parameter changes
(independent of muscles) were evaluated; in particular, to test the hypothesis that changes in
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Figure 4.15: Reconstructed D (top) and f maps (bottom) of exercised calf muscles based
on denoised data by means of the local PCA approach. Compared to Fig. 4.12, an improved
quality of the maps is noticeable, which facilitates the separation of exercise-induced parameter
changes (see arrows and text for description).
metabolism, diffusion and/or vascular volume fraction underlie T2 alterations [Hiepe et al.,
2014a]. Subsequently, a second study was carried out in order to assess age-related changes of
functional and structural parameters [Hiepe et al., 2015]. The results are given in sec. 4.5.
4.4.1 Materials and Methods
Fourteen healthy subjects were examined with the following subject specifications (mean± SD):
22.5± 1.4 years; 179.2± 5.8 cm; 74.7± 7.5 kg; only male right-hander.
Exercise protocol
A modified Biering-Sørensen test [Biering-Sorensen, 1984] was chosen, which is a sustained
isometric back extension exercise that can be performed inside an MR scanner. Supported by
a self-designed wooden rocker frame (illustrated in Fig. 4.16), the volunteer contracts his lower
back muscles to keep his upper body part in a horizontal position. The upper body part rests
on a support frame that is constructed in a way to enable variable load removals by means
of adjustable counterweights. The ergometer can be used inside or outside the MR scanner.
In the present study, a moderate intensity of physical activity was adjusted by applying a
load removal of 50% of the volunteer’s upper body weight. The latter was determined in
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a separate experiment by using the computer-supported test and training device Centaur R©
(BfMC, Leipzig, Germany) [Anders et al., 2008]. The ergometer is equipped with an angle
sensor to monitor the upper body position (via a potentiometer on the rocker axis). This
information is visually fed back to the volunteer via a self-written graphical user interface
(MATLAB, The Mathworks, Inc., USA) and an MR-compatible video system (Virtual Stim
Digital, Resonance Technologies Inc., USA) to enable interactive self-adjustment of the body
position (Fig. 4.16, bottom right).
The exercise was performed over a time period of 10 min and was repeated for each volunteer
in two separate sessions on different days (see Fig. 4.16, top row): During the MRS session,
the modified Biering-Sørensen test was performed inside the scanner and 31P-MR spectra were
continuously acquired before, during and after the exercise. The rocker was fixed before and
after the exercise to avoid any additional loads. During the MRI session, T2- and diffusion-
weighted MR data were collected before and after the exercise with subjects lying in supine
position to reduce breathing motion artifacts that typically occur in prone position. The
exercise itself was performed outside the scanner in the scanner room. Post-exercise data
acquisition started 1.5 min after the end of the exercise. This delay was necessary to position
the subject in the scanner and to select the image volume position. Each session took about
one hour and both were performed within one week. At the end of the exercise volunteers had
to rate their individual perceived exertion (rated perceived exertion, RPE) on a standardized
Borg scale ranging from 6 - "no exertion at all" - to 20 - "maximal exertion" [Borg, 1990].
MR spectroscopy
All MR data were collected on a 3 T whole-body MR scanner (TIM Trio; Siemens Healthcare,
Erlangen, Germany). In the MRS session, T1-weighted localization images and MR spectra
were measured in the low back muscles with a double tuned (1H/31P) flexible surface coil
(RAPID Biomedical GmbH, Würzburg-Rimpar, Germany), which was aligned symmetrically
to the volunteer‘s lumbar spine. Spectra were acquired using a 2D 31P-CSI-FID sequence (FOV
= 240× 240 mm2; matrix = 8× 8; voxel volume = 30× 30× 25 mm3; TR = 920 ms; TA = 27 s;
elliptical k-space sampling scheme and Hamming filtering). The coronal CSI slice was aligned
parallel to the spine at the height of the intervertebral disk L3-L4 such that the two center
CSI grid rows contained 2 × 4 voxels covering the inner (M. multifidus, MF) and outer (M.
erector spinae, ES) regions of the lower back skeletal muscles (demonstrated in Fig. 4.17; MF
and ES marked in red and blue, respectively). Voxels (4,4) and (5,4) correspond to the right,
and voxels (4,5) and (5,5) to the left MF, whereas the left and right ES are represented by the
voxels (4,3), (5,3) and (4,6), (5,6), respectively. Measurement series of 22, 22 and 36 single CSI
acquisitions were continuously performed prior, during and post exercise, respectively.
All spectra were post-processed using a self-written MATLAB routine including frequency,
phase and baseline corrections as well as exponential apodization with a 20 Hz damping con-
stant. In order to exclude motion-induced signal changes during exercise, the SNR of the β- and
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Figure 4.16: MR examination protocol including an MRS session, during which 31P-MR
spectra were continuously acquired during rest (10 min), exercise (10 min) and post exercise
(16 min), and an MRI session, during which T2-weighted and DW data were collected before
and after the exercise that was performed outside the scanner (re-positioning of the subject
in the scanner resulted in an MRI acquisition delay of 1.5 min and 2 min, respectively). The
exercise was arranged as a modified Biering-Sørensen test using an MR compatible ergometer
equipped with an angle sensor on the ergometer stilt for interactive self-adjustment of the upper
body position during the exercise (red line represents the target position of the rocker). The
counterweights were adjusted to 50% of the upper body weight.
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Figure 4.17: Position of the coronal 31P-CSI slice (illustration of the inner 2× 4 voxels of the
8 × 8 grid, black) and the axial mfMRI slices (green) using the intervertebral disk L3-L4 as
anatomic reference. The colored 3D ROIs correspond to the M. multifidus (MF, red) and M.
erector spinae (ES, blue). The ROIs outlining the right and left MF are mainly located in the
central CSI voxels (4-5,4) and (4-5,5), respectively, whereas the outer CSI voxels (4-5,3) and
(4-5,6) mainly cover the ES muscles.
γ-ATP multiplets was determined by assuming constant ATP concentrations during rest and
load [Taylor et al., 1986]. Only spectra with SNRATP > 6 were included for further analysis.
To improve SNR, spectra of the same CSI grid columns were spatially averaged [voxels (4,3)
and (5,3); (4,4) and (5,4); (4,5) and (5,5); (4,6) and (5,6)], followed by temporal sliding-window
averaging of five consecutive spectra. All metabolites were corrected for saturation effects by
using recently reported T1-values of human calf muscles [Bogner et al., 2009]. This correction
method was also successfully evaluated based on an additional 31P-CSI measurement in the
lower back muscles of a 23 year-old male volunteer using the proposed sequence protocol with
two different repetition times of TR1 = 920 ms (as usually applied) and TR2 = 30 s. Peak
integrals of PCr, Pi and the three ATP groups were quantified using the AMARES routine of
the MR spectra processing toolbox jMRUI [Vanhamme et al., 1997]. PCr and Pi peaks were
fitted as single Lorentzians, whereas γ- and α-ATP signals were fitted as Lorentzian doublets
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and β-ATP as a Lorentzian triplet. Quantification was constrained by using an appropriate,
previously described prior knowledge database of constant intensity ratios within the multi-
plets [Schroder et al., 2005]. To account for the intrinsic motion-sensitivity of the 31P-CSI
sequence, which can cause motion-induced SNR alterations during exercise, PCr and Pi sig-
nals were normalized with the corresponding mean intensity of ATP, whose concentration was
assumed to remain constant during muscle load [Taylor et al., 1986].
Changes between normalized PCr and Pi intensities pre-(PCrrest/ATPrest, Pirest/ATPrest)
and post-exercise (PCrload/ATPload, Piload/ATPload) were determined by comparing their mean
resting-state values to the average ratios during the second half of the exercise, respectively,
while assuming a PCr equilibrium in the second half of loading (described in section 4.2.4).
Relative PCr and Pi changes (PCrdrop, Piinc) were determined as follows:
PCrdrop = 100 ·
(
1− PCrload/ATPloadPCrrest/ATPrest
)
, (4.14)
Piinc = 100 ·
(Piload/ATPload
Pirest/ATPrest
− 1
)
. (4.15)
The chemical shift between Pi and PCr was used to calculate the intra-cellular pH according to
the Henderson-Hasselbalch equation (Eq. 4.2) and exercise-induced pH changes were calculated
by subtracting the mean pH during the second half of the exercise (pHload) from the mean pH
during rest (pHrest):
∆pH = pHload − pHrest. (4.16)
MR imaging
In analogy to the spectroscopic session, the intervertebral disk L3-L4 was chosen as anatomic
reference to select the image position (Fig. 4.17). All MR images were acquired in transverse
orientation using a spine coil array and slice positions were aligned perpendicularly to the
lumbar spine of the subject. To prevent inclusion of subjects with pathological changes, such
as disk degeneration diseases, high-resolution anatomic MR images were acquired using a T1-
weighted 3D GRE sequence (VIBE sequence; single 3D slab of 96 transverse partitions; FOV =
352×352×96 mm3; voxel matrix = 352×352×96; voxel size = 1 mm3; 6/8 slice-PF; TR = 4 ms;
TE = 2.3 ms; NEX = 2; TA = 5.18 min).
T2- and diffusion-weighted MR images were measured before and after exercise. T2 mapping
was based on a series of five T2-weighted data sets with incrementally increased echo times
that were acquired with a multi-slice SE-EPI sequence as supplied by the vendor (three 10
mm-thick transverse slices without inter-slice gap; FOV = 330 × 276 mm2; 110 × 92 voxel
matrix, 3 × 3 mm2 in-plane resolution; TR = 500 ms; TE1−5 = 32, 40, 48, 56, 64 ms; NEX = 6;
TA = 32.5 s; 7 preparation scans per slice). Trace-weighted IVIM images were obtained with a
twice-refocused SE-EPI sequence of the same three slices with identical spatial resolution and
sequence timing (TR = 2 s; TE = 68 ms; GRAPPA factor = 2; 1 preparation scan per slice)
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including 16 acquisitions with incrementally increased b-values in three orthogonal directions
(b = 0, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 75, 100, 200, 400, 600 s/mm2). Due to the low
perfusion-related signal decay during rest NEXpre = 6 (TApre = 8.5 min) and NEXpost = 3
(TApost = 4.3 min) multiple data sets were acquired prior to and post exercise, respectively.
To avoid signal contamination from vascular flow in large blood vessels two transverse oriented
saturation pulses were applied caudally and cranially to the acquired transverse DWI slices.
Furthermore, T2- and diffusion-weighted MR images were acquired by means of frequency
selective water excitation, which reduces chemical shift artifacts of fat signals and partial
volume effects in voxels containing subcutaneous or intra-muscular fat both potentially affecting
the T2 and IVIM quantitation.
In order to correct for image displacements resulting from the re-positioning of subjects,
all pre- and post-exercise images were co-aligned intra-individually using a non-linear image
registration method [Avants et al., 2008]. Maps of T2, molecular diffusion coefficient D and
vascular volume fraction f were all calculated from the aligned image data sets. T2 maps
were calculated voxel-wise using a mono-exponential fit function (Eq. 4.6). The DWI data
were denoised by performing the local PCA approach (described in sec. 4.3.4) and maps of
the IVIM parameters D and f were calculated based on mono-exponential fitting (Eq. 4.10) of
DWI data with b > 100 s/mm2 (sec. 4.3.4). ROIs defining the MF and ES (compare Fig. 4.17)
were outlined once on the averaged b0 images of the DW data set and subsequently copied
to the T2, D and f maps. To reduce partial volume effects, ROIs were eroded using a kernel
size of two voxels (FSL 4.1, FMRIB Software Library, University of Oxford, UK). To examine
exercise-induced changes of T2, D and f , the median of the ROI values on the corresponding
maps was calculated before and after the exercise and the parameter changes were defined as
follows:
T2,inc = 100 ·
(
T2,load
T2,rest
− 1
)
, (4.17)
Dinc = 100 ·
(Dload
Drest
− 1
)
, (4.18)
∆f = fload − frest. (4.19)
In addition, the mean squared errors (MSE) of the fits were calculated for all IVIM and T2
estimates. Voxels with MSE exceeding an empirically chosen threshold (T2: 10 a.u.; DWI:
0.0005 a.u.) were excluded from the ROI analysis described before. The MSE values were
averaged over the ROIs and also compared to the results of the IVIM maps calculated without
applying the denoising procedure to assess the effect of denoising on the enhancement accuracy.
Statistical analysis
All results including pre- and post-exercise MR parameters as well as exercise-induced changes
are presented as mean and standard deviation (SD). Based on the obtained data several sta-
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tistical analyses were performed:
• Differences between pre- (PCrrest/ATPrest, Pirest/ATPrest, pHrest, T2,rest, Drest, frest) and
post-exercise values (PCrload/ATPload, Piload/ATPload, pHload, T2,load, Dload, fload) as well
as between muscles were evaluated by using linear mixed models allowing flexible mod-
eling of correlated data with non-constant variability. To account for different variability
in each state as observed by exploring individual profile diagrams with respect to the
four muscles, state-specific random effects were included in the model. The model also
accounted for correlation between the states and between the muscles by incorporating
correlation between the random effects.
• Due to the limited number of observations an interaction between the mixed model effects
of state andmuscle was not included into the above-described models. Possible differences
between the muscles with respect to the exercise-induced MR changes were evaluated by
means of one-way repeated measurements ANOVA of the MR response factors PCrdrop,
Piinc, ∆pH, T2,inc, Dinc and ∆f.
• To test for associations between the rate of perceived exertion (RPE) and different MR
parameter changes (averaged over the different muscles), pairwise Pearson correlations
were performed between RPE values determined in the MRI or in the MRS session and
T2,inc, Dinc, ∆f or PCrdrop, Piinc and ∆pH, respectively. In addition, to assess associ-
ations between activation levels as characterized by 31P-CSI, T2- or diffusion-weighted
MRI independent of muscle, pairwise Pearson correlations were calculated between intra-
individually averaged mfMR response factors (mean values across the muscles).
• The effects of metabolic, diffusion and vascular changes on T2 alterations with respect
to the muscles were evaluated using a linear mixed model, in which T2,inc served as the
dependent variable, and PCrdrop, Piinc, ∆pH, Dinc and ∆f as covariates. To account
for correlation between the muscles, the model also included a muscle-specific random
intercept. Finally, the hypotheses that (i) changes in metabolism and vascular volume
fraction and (ii) changes in diffusion and blood volume underlie T2 alterations (T2,inc)
were tested by evaluating two reduced linear mixed models, first including PCrdrop and
∆f and second Dinc and ∆f as covariates, respectively.
All statistical analyses were carried out by SAS 9.4 using PROC MIXED. In all linear mixed
models Q-Q-plots of the residuals and random effects were examined to confirm model assump-
tions visually. The level of significance was set to 0.05. In case of multiple comparisons the
corresponding p-values were Bonferroni-corrected (α adjustment).
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4.4.2 Results
Dynamic 31P-MR spectroscopy
Mean ATP-normalized PCr and Pi time-courses averaged over all subjects are shown in Fig. 4.18
for the four investigated muscles. The time courses show similar transient changes in all muscles
with approximately the same PCr/Pi equilibrium level during the second half of the exercise.
Table 4.1 summarizes the results for the different metabolic parameters. The applied mixed
model of PCr/ATP levels yielded significantly higher PCr/ATP ratios in the right lower back
muscles (ES and MF) compared to the left body side (p < .009) both at rest and during
exercise. Furthermore, the significant effect of model factor state clearly indicated differences
between PCr/ATP ratios during rest and exercise (p < .001). Mixed model analyses of PCr
decreases (PCrdrop) resulted in non-significant differences between the muscles (p = .225), with
PCrdrop ranging from ≈ 30% in the ES muscles [right: (29.8± 10.5)%; left: (29.7± 12.5)%] to
≈ 34% in the MF muscles [right: (33.4± 11.9)%; left: (33.8± 11.2)%].
The Pi/ATP ratios increased significantly during exercise in all muscles due to the accu-
mulation of Pi (p < .001). The mixed model analysis revealed significant interaction between
muscle and state (p < .015) with significant Pi/ATP differences between the right ES and the
left muscles during load, but no significant inter-muscular differences at rest. Exercise-induced
Pi/ATP increases (Piinc) were higher in the MF muscles [right: (138.5 ± 55.3)%; left: (128.9
± 51.0)%] than in ES muscles [right: (123.7 ± 58.6)%; left: (96.3 ± 42.7)%]. Compared to
the left ES (p = .001) and left MF (p = .006), Piinc was significantly stronger in the right MF.
The pH values showed significant exercise-induced decreases (p < .001) with no muscle-specific
differences, neither in absolute levels nor in relative pH changes.
Table 4.1: Metabolic quantities for the four lower back muscles (mean ± SD).
right ES (1) right MF (2) left MF (3) left ES (4)
PCrrest/ATPrest 2.37 ± 0.27 2.33 ± 0.32 2.19 ± 0.24 2.10 ± 0.25
PCrload/ATPload 1.65 ± 0.26∗†3,4 1.54 ± 0.24∗†3,4 1.44 ± 0.24∗†1,2 1.47 ± 0.29∗†1,2
PCrdrop [%] 29.8 ± 10.5 33.4 ± 11.9 33.8 ± 11.2 29.7 ± 12.5
Pirest/ATPrest 0.33 ± 0.06 0.29 ± 0.05 0.29 ± 0.06 0.34 ± 0.07
Piload/ATPload 0.72 ± 0.13∗ 0.68 ± 0.12∗ 0.66 ± 0.14∗ 0.65 ± 0.13∗
Piinc [%] 123.8 ± 58.6 138.5 ± 55.3†3,4 128.9 ± 51.0†2 96.3 ± 42.7†2
pHrest 6.99 ± 0.04 6.98 ± 0.04 6.99 ± 0.03 6.99 ± 0.03
pHload 6.93 ± 0.03∗ 6.95 ± 0.04∗ 6.94 ± 0.04∗ 6.94 ± 0.05∗
∆pH 0.06 ± 0.05 0.04 ± 0.04 0.05 ± 0.05 0.06 ± 0.05
* Significantly different compared to the rest state (p < .0125); † Significant inter-muscular
differences (p < .0083) where index indicates compared muscle; p-values were Bonferroni-
corrected based on α = 0.05 and the number of comparisons.
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Figure 4.18: Mean time courses of normalized PCr (upper curve) and Pi (lower curve) levels
that were determined bilaterally in the back muscles ES and MF. The error bars represent the
SD of the examined cohort. All muscles reveal similar transient PCr and Pi changes during the
first half of exercise and similar metabolic steady-state levels during the second half of exercise.
Muscle functional MR imaging
Fig. 4.19 displays representative T2 maps of a single subject before and after exercise. Load-
induced increases of T2 are clearly observed in all muscles as reflected by the change in the map
colors from predominantly yellow in the pre-exercise maps to distinctly more red in the post-
exercise maps. On closer inspection, the post-exercise T2 maps reveal inhomogeneous patterns
of increased values across the muscles with higher T2 in the inner low back muscles, which
is even better seen in the ROI-based histograms, illustrating the muscle-specific distributions
of T2 values with a positive shift of the corresponding mean T2 values. Table 4.2 summarizes
the ROI-based mean baseline and post-exercise T2 values (T2,rest, T2,load) together with the
mean relative T2 changes (T2,inc, see Eq. 4.17) for the four muscles, averaged over all subjects.
Baseline T2 values were similar in all muscles (T2,rest ≈ 27 ms). The applied linear mixed
model of pre- and post-exercise T2 values identified an interaction between state and muscle
(p = .009) with significant differences between pre- and post-load T2 in the right ES, right MF
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Figure 4.19: Representative pre- and post-exercise T2 maps of a single subject (three slices
acquired in both states; for illustration purposes bilinear interpolation by a factor of 2 was
applied) and corresponding T2 histograms based on ROI-analysis of the four low back muscles.
Inhomogeneous activation patterns are observable with higher T2 increases in the MF compared
to ES muscles (see mean T2 values indicated by red vertical lines in the histograms).
and left MF (p < .001), but not in the left ES (p = .067). A clear right-left asymmetry of
exercise-induced T2 changes was observed, with higher T2,inc values in the right than in the left
muscles [right ES: T2,inc = (11.8 ± 9.9)%; left ES: T2,inc = (4.6 ± 6.6)%]. Accordingly, T2,inc
was significantly higher in the right ES and right MF compared to the left ES (p < .007).
Exemplary pre- and post-exercise maps of the IVIM parameters D and f are shown in
Fig. 4.20. Similar to the T2 maps, the f maps obtained in this particular subject showed larger
exercise-induced increases in the MF muscles. This was not observable on the D maps. The
local PCA denoising approach enabled reliable assessment of small perfusion fractions - as they
prevail prior to exercise (only few pixels left with f ≤ 0%) - and provided sufficient IVIM
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Figure 4.20: Representative pre- and post-exerciseD and f maps calculated based on denoised
IVIM data (same subject as in Fig. 4.19; bilinear interpolation by a factor of 2). Both param-
eters show inhomogeneous exercise response patterns with highest exercise-induced changes in
of the vascular volume fraction f in the MF muscles (analogous to T2 changes). Of note, the
inferior vena cava, spinal cord and left kidney reveal highest f values independent of state.
parameter mapping quality. With denoised IVIM data the fit precession was nearly doubled
compared to raw IVIM data fitting (MSEraw data/MSEPCA data = 1.87), reflecting a reduction
in the uncertainty of the fit. Table 4.2 further lists muscle-specific mean D and f values derived
from denoised data together with the corresponding load-induced response factors (as defined in
Eq. 4.17-4.19). All muscles showed significantly increased diffusion coefficients D after exercise
(p = .007) with a significant effect of muscle (p = .036). Similar to T2,inc, higher Dinc values
were found in the right back muscles compared to the left body side. However, following α
adjustment for multiple comparisons pairwise inter-muscular differences became insignificant
(p = .324). Similarly, vascular volume fractions f were significantly increased after the exercise
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Table 4.2: MRI parameters obtained before and after muscle load (mean ± SD).
right ES (1) right MF (2) left MF (3) left ES (4)
T2,rest [ms] 26.7 ± 1.7 26.8 ± 1.2 27.1 ± 1.0 27.3 ± 1.5
T2,load [ms] 29.8 ± 2.8∗ 29.4 ± 2.7∗ 29.4 ± 2.5∗ 28.5 ± 2.1
T2,inc [%] 11.8 ± 9.9†4 9.7 ± 9.3†4 8.9 ± 9.3 4.6 ± 6.6†1,2
Drest [10−3 mm2/s] 1.69 ± 0.04 1.70 ± 0.05 1.69 ± 0.05 1.69 ± 0.08
Dload [10−3 mm2/s] 1.73 ± 0.06∗ 1.76 ± 0.04∗ 1.73 ± 0.07∗ 1.73 ± 0.07∗
Dinc [%] 2.9 ± 3.4 3.6 ± 3.6 2.0 ± 4.6 2.3 ± 4.2
frest [%] 5.2 ± 2.3 8.0 ± 3.1 8.4 ± 3.9 5.5 ± 3.2
fload [%] 8.7 ± 2.5∗†2,3 11.5 ± 3.2∗†1,4 11.0 ± 4.0∗†1,4 8.2 ± 3.7∗†2,3
∆f [pp] 3.6 ± 3.1 3.5 ± 4.1 2.5 ± 3.9 2.7 ± 3.8
* Significantly different compared to the rest state (p < .0125); † Significant inter-muscular
differences (p < .0083) where index indicates compared muscle; p-values were Bonferroni-
corrected based on α = 0.05 and the number of comparisons.
Table 4.3: Matrix of correlation coefficients and corresponding p-values (in brackets) based
on pairwise Pearson correlations between RPE, mfMRI and 31P-MRS parameters changes.
PCrdrop Piinc ∆pH T2,inc Dinc ∆f
RPE 0.32 (.26) 0.33 (.24) 0.27 (.34) 0.58 (.03) 0.53 (.05) 0.64 (.01)
PCrdrop - -0.01 (.96) 0.69 (.01) 0.59 (.03) 0.52 (.06) 0.15 (.61)
Piinc - - -0.35 (.22) -0.04 (.90) 0.12 (.69) -0.10 (.75)
∆pH - - - 0.37 (.20) 0.48 (.08) 0.29 (.31)
T2,inc - - - - 0.72 (.00) 0.65 (.01)
Dinc - - - - - 0.49 (.08)
Significant correlations are marked in bold (p < .05).
(p = .002) with non-significantly higher ∆f in the right muscles (p = .369). Absolute frest and
fload values were elevated in the MF compared to the ES indicating higher perfusion fraction
in the inner medial than in the outer lateral lower back muscles (p < .001).
Associations between MRI and MRS parameter changes
As can been seen in Tab. 4.1 and Tab. 4.2, the load-induced mfMRI and MRS parameter changes
(T2,inc, Dinc, ∆f, PCrdrop, Piinc, ∆pH) show large SDs, which may be ascribed to differences
in individual fatigue. These differences were assessed by means of RPE numbers, whose mean
values were 14.3 ± 3.0 and 11.4 ± 3.9 in the MRI and MRS session, respectively. These RPE
values correspond to an exertion level ranging between ’fairly light’ to ’hard’. Results of pair-
wise Pearson correlations between RPE and mfMR parameter changes as well as between the
parameters T2,inc, Dinc, ∆f, PCrdrop, Piinc and ∆pH are summarized in Tab. 4.3. While the
31P-MRS parameter changes (PCrdrop, Piinc, ∆pH) revealed only a trend for a positive asso-
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Figure 4.21: Combined relationship of PCr, perfusion fraction and T2 changes as assessed
by means of a mixed model including PCrdrop and ∆f as independent covariates and T2,inc as
dependent variable accounting for different muscles. For all muscles this covariate combination
revealed significant associations of PCrdrop (p = .001) and ∆f (p < .001) with T2,inc.
ciation with RPE (ρ = 0.27 − 0.33, p = .24 − .34), T2,inc and ∆f both showed strong positive
correlations with RPE (ρ > 0.58, p = .03) and were also positively correlated among each other
(ρ = 0.65, p = .01). Dinc showed only a non-significant trend of a positive relation with RPE
(ρ = 0.53, p > .05), but was significantly associated with T2,inc (ρ = 0.7, p < .01). PCrdrop
was positively correlated with ∆pH (ρ = 0.69, p = .01) and T2,inc (ρ = 0.59, p = .03), but
not with Piinc. In addition, PCrdrop showed a trend with Dinc (ρ = 0.52, p = .06). Trends for
positive associations were also observed between ∆pH and T2,inc (ρ = 0.37, p = .20) as well as
between ∆pH and Dinc (ρ = 0.48, p = .08). Correlations were found neither between vascular
volume changes ∆f and metabolic parameters (p > .31) nor between Piinc and MRI parameters
(p > .69). The linear mixed model analysis for T2,inc including all MR parameters yielded that
only PCrdrop and ∆f, but not Piinc, ∆pH and Dinc, significantly affected T2,inc. The reduced
model including only PCrdrop (p = .001) and ∆f (p < .001) as covariates confirmed the results
of the full model supporting the assumption that T2 alterations (T2,inc) are simultaneously re-
lated to changes in vascular volume fraction and metabolism. This can be also seen in Fig. 4.21
for the different muscles using the estimated regression coefficients of the model. The second
reduced mixed model including Dinc and ∆f as covariates yielded only a significant effect of ∆f
on T2,inc (p < .001) but not for Dinc (p = .460).
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4.4.3 Discussion
The aim of this study was to examine exercise-induced metabolic, vascular and diffusion changes
in skeletal muscles and to explore whether these changes underlie T2 alterations. To this end,
dynamic 31P-CSI, diffusion-weighted and T2-weighted MRI were applied in the lower back
muscles of a group of fourteen healthy volunteers. Load-induced changes of T2 of ≈ 10%
confirm recent findings [Ababneh et al., 2008; Tawara et al., 2009; Tawara et al., 2011], and
PCr depletion of about ≈ 30% are in line with previous work [Boesch, 2007;Kemp et al., 2007;
Rzanny et al., 2006]. Tissue diffusion D and perfusion fraction f were assessed by applying a
novel imaging and data processing strategy including outer-volume suppressed trace-weighted
DWI with multiple b-values, PCA-based data denoising and mono-exponential DWI signal
fitting. The sequence is sensitive to the micro-circulation of blood through muscle tissue and
enables determination of the most relevant measure of O2 delivery to muscle tissue. The
denoising approach appropriately filters the DWI signal attenuation curve [Manjon et al.,
2013], which is subsequently analyzed by mono-exponential fitting the high b-value regime
(b > 100 s/mm2). This simplified IVIM approach allows differentiating between molecular
diffusion and perfusion-related signal attenuation, provides reliable IVIM parameter mapping
and is thus capable of providing insight into the spatial adaptation of perfusion to the needs
of skeletal muscle tissue in the lower back (Fig. 4.20).
Determined load-induced increases of vascular volume fractions (f) and molecular diffu-
sion (D) are in good agreement with previously reported studies of human forearm muscles
[Morvan, 1995; Filli et al., 2015] and can be ascribed to the different underlying physiologic
processes, such as capillary perfusion (interstitium) and myofibrillar response (intra-cellular
space), respectively. More precisely, increased f and D during exercise can be explained by
increases in capillary recruitment and in extra-vascular water content or in temperature, re-
spectively [Morvan, 1995]. Since exercise-induced D changes, however, mainly depend on
changes of the radial diffusibility (perpendicular to the fiber direction) and thus are related to
the mean fiber diameter [Deux et al., 2008; Schwenzer et al., 2009; Sigmund et al., 2014],
they primarily represent myocellular responses. Higher f values observed in the MF compared
to the ES muscles before and after exercise can be ascribed to larger blood vessels in the MF
since both muscles show similar capillary densities [Jorgensen et al., 1993].
Interestingly, T2,D and f maps showed higher load-induced changes in the right MF and right
ES compared to the left side. It can be argued that these heterogeneous patters are related to
asymmetric muscle activation, potentially due to the right-handedness of the examined subjects.
However, larger comparative studies including left-handed subjects are required to verify this
hypothesis. PCr and pH did not show significant asymmetric load-induced changes, which is
possibly due to technical limitations, such as low spatial resolution and partial volume effects
as described below. Moreover, high inter-subject variability of all mfMR response factors
(PCrdrop, Piinc, ∆pH, T2,inc, Dinc and ∆f) were observed, which may reflect various levels
of muscle activity or fatigue of the investigated persons. In fact, the finding of significant
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positive Pearson correlations between ∆f and RPE as well as between T2,inc and RPE (p ≤ .03,
Tab. 4.3) seems to support this assumption, since RPE quantifies the individually perceived
exertion and is associated with the heart rate as a physiological measure for the demand of
oxygen [Borg, 1990]. In contrast to the imaging parameters, load-induced metabolic changes
were not correlated with RPE indicating lower sensitivity of these measures to individually
perceived exertion levels in the present study. This may be again due to technical limitations
reducing the sensitivity to local activation spots or due to the fact that the individual metabolic
capacity is only an indirect measure of the subject’s felt exertion during sustained load.
Strong positive correlations were detected between ∆f and T2,inc, Dinc and T2,inc as well
as between PCrdrop and T2,inc (Tab. 4.3). This is in accordance with the previously reported
assumption of metabolic, extra-cellular and/or vascular effects on T2 during muscle load. The
weaker associations between ∆f and PCrdrop as well as between ∆f and Dinc suggest independent
effects of vascular and PCr changes on T2 alterations. Linear mixed models were applied
to analyze combined effects of metabolism and extra-cellular and/or vascular fluid volumes
on load-induced T2 changes while accounting for the different muscles. The most important
findings were that alterations in vascular volume fraction (∆f) rather than changes in diffusion
(Dinc) are associated with T2 changes and that ∆f as well as PCrdrop both have significant effects
on T2,inc. Hence, the results obtained in this work support the assumptions that T2 changes are
associated to intra-cellular metabolic accumulations [Bendahan et al., 2004; Damon et al.,
2002b; Patten et al., 2003; Saab et al., 2000] and that they are simultaneously affected by
altered tissue perfusion [Ababneh et al., 2008; Damon and Gore, 2005].
Since initial investigations based on NNLS fitting showed that T2 measured by means of
SE-EPI (applying echo times in the range of TE = 20− 70 ms) is not directly sensitive to the
signal originating from the vascular component (sec. 4.3.3), it can be concluded that both T2
and f are independent measures and that exchanges between the vascular and tissue component
(extra and intra-cellular spaces, see Fig. 4.8) may be responsible for the observed association
between T2 and f changes. The impact of changes in temperature or myofibrillar structure on
T2 as indicated by a significant correlation between Dinc and T2,inc (averaged across different
muscles) became insignificant compared to ∆f when accounting for different muscles.
Dynamic 31P-chemical shift imaging (CSI) was used to monitor the metabolic time
evolution during exercise with a nominal spatial and temporal resolution of 30× 30× 25 mm3
and 27 s, respectively. Due to the low sensitivity of 31P-MRS spatial and temporal averaging
of localized spectra is required, which resulted in effective spatial and temporal resolutions
of 45 × 90 × 25 mm3 (caused by PSF-blurring as described in 4.2.4) and 135 s, respectively.
This represents a major limitation of this approach, where the low effective spatial localization
does not allow analysis of intra-muscular activation patterns and induces signal contamination
between the MF and ES muscles. The latter has to be considered when interpreting the data
and may limit the interrelations with mfMRI parameters. However, in all muscles Pi increases
were observed, which were nearly stoichiometric with the breakdown of PCr (Fig. 4.18). The
Pi/PCr kinetics during the applied sub-maximal load exhibited two phases: during the first
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1 − 2 min both metabolites showed initial rapid changes, followed by a second phase during
which their intensities reached a steady-state. This typical time behavior is in good accordance
with physiological knowledge about the different time-dependent energy pathways (detailed
explanation given in sec. 4.2). Varying PCr and Pi sum intensities during exercise may arise
from different T1 saturation-related signal attenuations for PCr and Pi in the resting and
loaded muscles [Kemp et al., 2007; Taylor et al., 1986]. Previously reported exercise-induced
T1 changes of phosphorus metabolites, such as of +58% for Pi and -20% for PCr in human calf
muscles at 1.5 T [Newcomer and Boska, 1999], were not taken into account in the present
study. These changes were observed during 90 s isometric plantar flexion at a workload of
62.5% of MVC. However, during steady-state aerobic exercise at low work level - as performed
in this study - T1-relaxation times of these metabolites are not changed statistically from rest
[Cettolo et al., 2006] and may thus only lead to minimal effects related to different PCr and
Pi signal attenuations during exercise.
A significant positive association between ∆pH and PCrdrop as determined in this work
(Tab. 4.3) reflects the simultaneously ongoing PCr hydrolysis and anaerobic metabolism during
the isometric load (including anaerobic glycolysis and lactic acid fermentation). However, no
correlations were found between Piinc and PCrdrop as well as between Piinc and ∆pH based
on the reported data, which is potentially due to the low SNR of the spectra. At last, due
to the low effective temporal resolution and motion artifacts at the end of exercise (caused by
re-positioning of the subject) analysis of the PCr recovery kinetics, which provides information
of the oxidative capacity and the composition of recruited muscles fibers [Forbes et al., 2009;
Wray et al., 2009], was not reliably possible based on the data obtained in the present study.
However, as can be seen in Fig. 4.18, the PCr/ATP levels at the end of the recovery period did
vary across the study group. Additional analysis showed that these levels were significantly
related to ∆pH (ρ = −0.64, p = 0.01). This finding is in good agreement with literature, where
higher ∆pH and longer PCr recovery times are ascribed to stronger activation of the anaerobic
energy supply typically occurring in type II fibers [Forbes et al., 2009].
T2 and diffusion-weighted MRI were applied in supine position to reduce respiration-
caused motion artifacts. The time delay of 1.5 min between the end of exercise and the start
of scanning needed for re-positioning the volunteer in the scanner appears acceptable in light
of the previously reported half-life times of T2 and diffusion increases of 7.9 ± 4.2 min and
10.9± 7.0 min, respectively [Ababneh et al., 2008]. The applied SE-EPI sequence is sensitive
to B0 inhomogeneities, but insensitive to B1 inhomogeneities and thus provide more accurate
T2 quantification compared to TSE-based approaches (described in sec. 4.3.3). However, the
susceptibility to field inhomogeneities may lead to inaccurate parameter values (T2, D and f)
close to interfaces between soft tissue and bone. Therefore, quantitation of MRI parameters
was restricted to muscle compartments, which are not in direct vicinity of bones by means
of ROI eroding. Analysis of multiple T2 components based on multi-exponential signal decay
fitting as performed previously [Saab et al., 2000] was not available in this study. This is due
to the limited applicable range of TEs in SE-EPI, where the minimum TE is defined by the
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refocusing rf and gradient pulse scheme as well as by the read-out duration (TEmin ≈ 30 ms)
and long TEs result in strong T2-related signal loss.
Performing DWI with multiple low-to-intermediate b-value ranges (0 − 600 s/mm2) allows
to extract perfusion and diffusion parameters of tissue. However, there are some inherent
limitations to the IVIM approach. First, it is based on a two-compartment model (intra- and
extra-vascular space), which presupposes normally distributed displacement of spins [Morvan,
1995]. This model does not entirely reflect the complexity of tissue micro-structure, because
both diffusion and pseudo-diffusion are anisotropic and predominantly occur parallel to muscle
fibers [Karampinos et al., 2010; Schwenzer et al., 2009]. However, performing IVIM imaging
with diffusion sensitizing gradients in three orthogonally aligned directions (trace-weighted
DWI) provides assessment of a mean and directionally independent total vascular volume
fraction as previously demonstrated [Callot et al., 2003; Filli et al., 2015; Karampinos
et al., 2010]. Of note, applying separate diffusion weightings only along the main fiber direction
may better take into account this anisotropy of the capillary network and may enhance the
sensitivity to determine exercise-induced vascular changes with IVIM-based DWI of skeletal
muscles. It would also provide a more appropriate assessment of the actual vascular volume
fraction [Callot et al., 2003].
Second, based on recent studies that applied arterial spin labeling (ASL) and reported short-
term exercise-induced perfusion increases during ≈ 1 min [Wray et al., 2009] and up to ≈ 7 min
of recovery [Boss et al., 2006], it may be argued that vascular changes (in low back muscles)
are reduced during multiple IVIM data acquisitions (three repetitions within TA = 4.3 min)
and that temporal resolution of IVIM is thus not sufficient to resolve temporal adaptions of
hyperemic responses. However, ROI-based analysis of data obtained in this study showed only
a slight, non-significant trend towards decreasing ∆f during the multiple acquisitions. In line
with this, a recently published IVIM study also demonstrated that load-induced significant f
increases (in forearm muscles), which were determined by multi-step bi-exponential analysis of
the DWI signal course, persist over a time period of 20 min [Filli et al., 2015]. The proposed
fitting approach in that work is similar to our presented approach and is based on mono-
exponential signal fitting at high b-values (b > 50 s/mm2) providing higher stability in the
calculation of dynamic changes of IVIM parameters compared to conventional bi-exponential
fitting. As an extension to our approach, by calculating f and D via mono-exponential fitting
and subsequently using these results to constrain a bi-exponential fit (’segmented fitting’),
the authors assessed both vascular volume fraction f and the pseudo-diffusion coefficient D∗.
The latter also showed significant exercise-induced increases and was still significantly elevated
in loaded muscles after 20 min of recovery. Hence, this multi-step bi-exponential approach
may serve as a useful extension to the presented IVIM quantitation method in future studies,
potentially providing additional information of muscle perfusion properties that are essential
for understanding of the pathophysiology.
However, as recent research indicated that the characteristic timescale of the incoherent mo-
tion is not in the appropriate range for assuming the pseudo-diffusion limit [Wetscherek et al.,
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2015], further efforts are needed to determine the characteristic timescale and velocity of the
incoherent motion in skeletal muscles, which allows for an estimate of D∗. In addition, because
the arterial blood signal is the main contributing factor causing the non-mono-exponential sig-
nal decay, and the relaxation time of arterial blood differs strongly from the surrounding muscle
tissue, echo times have to be considered when determining f in future works [Lemke et al.,
2011]. Applying minimum TE reduces the effect of biased f values, which is due to the weight-
ing of the signal fractions of the compartments by different relaxation decay rates. Another
factor potentially causing corrupted f values is the exchange of protons between compartments
that are neglected in the IVIM model [Le Bihan et al., 1988]. This effect is, however, also
unlikely to play a major role as the typical water exchange time between myo-cellular and
blood compartment is on the order of 0.5 s [Wacker et al., 2002]. Nevertheless, an extended
model taking into account exchange rates, and the T1 and T2 of each compartment has to be
developed in the future.
Lastly, the intra-muscular activation distribution is discussed. Unluckily, the interrelations of
metabolic, diffusion and perfusion changes with T2 was limited in this work due to the low spa-
tial resolution of 31P-CSI. Consequently, detailed analysis of intra-muscular activation patterns
was omitted and the great potential of mfMRI approaches could not be fully demonstrated.
However, subsequent analysis showed that the results obtained in this work can be transferred
to voxel-based analysis. Based on partial correlations (adjusted for state) associations between
pre- and post-load T2 and f voxel values could be identified yielding mean correlation coeffi-
cients (averaged across the subjects) of ρp = 0.37 (p < 0.01), ρp = 0.39 (p = 0.10), ρp = 0.39
(p = 0.13) and ρp = 0.32 (p = 0.06) for the right ES, right MF, left MF and left ES, respectively
(demonstrated in Fig. 4.22). No correlations were observed between T2 and D values, also in
line with the ROI-based mfMRI correlations. In future, since even within synergistic muscle
groups, mfMRI responses from individual voxels can be quite heterogeneous, as demonstrated
in T2, D and f maps (see Fig. 4.19, 4.20 and 4.22), voxel-based analysis of activation patterns,
like cluster analysis, could be more sensitive to muscle functional compartmentation than tra-
ditional (ROI-based) analysis [Damon et al., 2003]. Thereby, future research studies should
benefit from the high spatial resolution in mfMRI enabling functional distinctions between
regions of muscle that are not seen with traditional analysis.
4.5 Age-related changes in muscle function and structure of low
back muscles
4.5.1 Materials and Methods
In a subsequent study, fourteen healthy late-middle-aged male subjects were investigated in
addition to the fourteen healthy young volunteers of the previous section. All participants
were right-handers and were interviewed for their physical activity on a scale ranging from
"1" - no physical activity at all - to "5" - high physical activity during training or work with
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Figure 4.22: Voxel-wise comparison between T2 and f maps obtained pre- (gray + symbols)
and post-exercise (black ∗ symbols) in the back muscles of a representative subject. The
muscle-specific scatter plots indicate that the observed finding of associated (ROI-based) T2
and f changes can be transferred to voxel-based analysis. The latter provides great potential
in assessing intra-muscular activation patterns or functional clusters.
daily duration > 1 h. For both groups a median physical activity of "3" was recorded, which
corresponds to normal physical activity including 2-4 physical exertions per week. Mean body
mass index (BMI) and body fat fraction (measured via an impedance scale) were significantly
higher in the late-middle-age group (p < 0.05). The upper body mass (UBM) and the isometric
maximum voluntary contraction (MVC) force during back extension were both determined in
a separate experiment by using the computer-supported test and training device Centaur R©,
BfMC, Leipzig, Germany [Anders et al., 2008]. Mean UBM and MVC values were lower in the
late-middle-aged subjects as was the upper body torque ratio (UBTR), which corresponds to the
anthropometrically normalized MVC [Kurz et al., 2014]. The age-related reduction of UBTR
(p = 0.8) is in line with previously reported studies of back muscles [Champagne et al., 2009;
Yassierli et al., 2007]. Table 4.4 summarizes these group specific characteristics.
108
4.5 Age-related changes in muscle function and structure of low back muscles
Table 4.4: Subject characteristics of two age groups of healthy, male volunteers (presented as
mean ± SD or mean and interquartile range - IQR).
young (n = 14) late-middle-age (n = 14)
age [yr] 22.5 ± 1.4 55.3 ± 3.6
body height [cm] 179.2 ± 5.8 174.0 ± 7.3 *
body weight [kg] 74.7 ± 7.5 76.6 ± 10.1
physical activity 3 (IQR = 1) 3 (IQR = 1)
body mass index (BMI) [kg/m−2] 23.2 ± 1.8 25.3 ± 2.8 *
body fat percentage [%] 17.6 ± 4.6 21.5 ± 6.8 *
upper body mass (UBM) [kg] 34.1 ± 2.6 35.7 ± 4.7
maximum voluntary contraction (MVC) [Nm] 270.1 ± 44.0 230.7 ± 77.0
upper body torque ratio (UBTR) [a.u.] 2.45 ± 0.39 2.07 ± 0.68 †
* Statistical difference between both age groups with (p < .05) or † with (p < .10).
A detailed description of the applied methodology together with the results obtained in
the young subjects has already been presented in section 4.4. In this study, the acquired
T1-weighted anatomic MR images were further processed by an oﬄine intensity correction
method (FSL 4.1, FMRIB Software Library, University of Oxford, UK) before being used
for ROI-based analyses including determination of muscle-specific cross-sectional areas (CSA)
and fat infiltration. ROIs of the MF and ES muscles were bilaterally outlined manually on
two transverse T1-weighted images at the height of L3 and L4 by an experienced observer
using segmentation software (http://www.mitk.org/). Based on these ROIs, mean CSA and
mean anthropometrically normalized CSA (nCSA, CSA normalized to the product of UBM
and upper body segment length) were determined. Intensity distributions within these muscle-
specific ROIs were analyzed by means of descriptive statistical measures including skewness
(MATLAB, The Mathworks, Inc., USA), which was presumed to provide a rough estimate of
tissue composition and thus muscular fat infiltration [Hebert et al., 2014].
Remark - Due to increased subcutaneous fat fractions in late-middle-aged subjects and
reduced SNR of 31P-MR spectra, prolonged repetition times were applied in the older age
group (TR = 1.5 s, TA = 44 s instead of TR = 0.92 s, TA = 27 s). In addition, changes
were applied to the reconstruction pipelines of dynamic 31P-MR spectra and mfMRI data as
compared to the methods described in sec. 4.4. In order to further increase the SNR of dynamic
31P-MR spectra the inner 4× 4 (instead of 2× 4) voxels of the 8× 8 CSI matrix were used for
column-wise spatial averaging. Furthermore, since initial observations such as ROI-specific f
histogram analysis showed many negative, physiologically non-plausible f values in the late-
middle-aged subjects (especially prior to loading), these voxel-values were set to zero. All data
acquired in young subjects were again reconstructed using the modified post-processing steps.
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Statistical analysis
Similar to the previous work [Hiepe et al., 2014a], several statistical analyses were performed
based on the obtained data in the two different age groups using SAS 9.4:
• Age-related and load-induced changes of T2, diffusion, vascular and metabolic parameters
were examined with respect to particular muscles using linear mixed models. Differences
of pre- (T2,rest, Drest, frest, PCrrest/ATPrest, Pirest/ATPrest, pHrest) and post-exercise
mfMR parameters (T2,load, Dload, fload, PCrload/ATPload, Piload/ATPload, pHload) were
evaluated between both age groups, different muscles and states by subsequently ex-
ploring individual profile diagrams and applying separate mixed models for each mfMR
parameter. Results of the model analyses are presented using p-values of the fixed effects
state, age and muscle. To test for different state effects in both groups and thus for
differences in muscle activation level between young and late-middle-aged subjects, an
interaction was included in the model accounting for the (fixed) effects between state and
age. Furthermore, muscle-independent state- and age-specific effects were postulated, so
that interactions between muscle and age or between muscle and state were not included
in the models. This was because of the limited number of included subjects in our study
and since those interactions were outside the scope of our research questions (analysis of
muscle activation patterns in young subjects has already been reported in section 4.4).
Due to the observed non-constant variances in the profile diagrams a state-specific ran-
dom effect was included. Presumed correlations between data in the different states and
muscles were incorporated.
• Previously reported hypotheses that T2 alterations are linked to changes in metabolism
and diffusion or vascular volume fraction were tested by calculating mfMRI and MRS
response factors (Yrf = Yload/Yrest; except for f given in %, for which the response factor
frf was defined as the difference between fload and frest, given in percentage point, p.p.).
With the response factor T2,rf chosen as the dependent variable, the fixed effect of state
was replaced by including the response factors (PCr/ATPrf , Pi/ATPrf , pHrf , Drf and frf)
as a covariate in separate mixed models (together with random intercept). Thereby, their
effect on T2,rf was examined, while these models also included the fixed effects muscle
and age as well as the interaction between age and the corresponding covariate.
• The effect of the individual degree of perceived exertion (RPE) on the different MR
response factors was investigated by means of linear mixed models, which included a
random intercept and the fixed effects age and muscle as well as mean RPE (averaged
over both sessions) as a covariate. To account for a potential age-specific effect of RPE
on the response factors an interaction between age and RPE was included in the model.
• Age-related changes of muscle cross-sectional area (CSA, nCSA) and fat infiltration (rep-
resented by the skewness of the histogram distribution of the T1-weighted scan) were
assessed with repeated measurement ANOVAs.
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• Partial correlations between morphological and functional MR parameters adjusted for
age group were performed to test whether CSA or nCSA of MF and ES were related to
MVC or UBTR. Therefore, these values were bilaterally summed and separately corre-
lated. To unveil further potential relationships between muscle strength (MVC, UBTR),
muscle function (pre- and post-exercise mfMR parameters, which were intra-individually
averaged across the different muscles), fat infiltration (skewness) and subject character-
istics (BMI, body fat fraction), these parameters were also correlated to each other. The
results are presented as partial correlation coefficients ρp with corresponding p-values.
4.5.2 Results
Muscle functional MRI and MRS
All subjects tolerated the back extension exercise over the entire exercise-period of 10 min while
sustaining the reference upper body position. The mean degrees of perceived exertion (RPE)
during the MRI (young: 14.3 ± 2.9; late-middle-age: 12.4 ± 4.8) and MRS session (young:
11.4 ± 3.9; late-middle-age: 12.4 ± 4.0) were similar with no significant differences between
both groups. Figure 4.23 displays the ratios of all pre- and post-exercise mfMR parameters
together with the response factors between late-middle-aged and young subjects. Mean mfMRI
parameters are summarized in Tab. 4.5 for both age groups. T2 values showed significant
load-induced increases in all muscles of both cohorts (significance of mixed model effect state:
p < .001) as well as a trend of lower T2,rest and T2,load in the late-middle-aged subjects,
independent of state (age: p = .107, see Fig. 4.23a and b). The exercise effect on T2 was not
significantly different between both groups, which indicates similar levels of muscle activation
(due to non-significant interaction between state and age: p = .501). Except for the left
ES, the response factors T2,rf were approximately 2-5% lower for the late-middle-aged subjects
(Fig. 4.23c). Similar to T2, post-load vascular volume fractions (fload) were significantly elevated
in both age groups and all muscles compared to frest values (state: p = .001, Tab. 4.5), but
had significantly reduced values in the late-middle-age group by approximately 50% for the
averaged fractions (age: p < .001, Fig. 4.23). Interestingly, the load-induced vascular volume
changes frf were also similar for both age groups (interaction between state and age: p = .199,
Fig. 4.23c). The extracted diffusion coefficients during rest (Drest) and load (Dload) were again
significantly reduced in the late-middle-age group (age: p = .008; Fig. 4.23), but the exercise-
induced changes were not significant in both cohorts (state: p = .152, Tab. 4.5) with higher
changes (Drf) in the young age group (Fig. 4.23c). Lastly, disregarding the effects of state and
age, significant differences between examined muscles were observed for T2 and f values (both
highest in the MF; muscle: p < .001) as well as for D (highest in the ES).
As demonstrated previously (sec. 4.4), the normalized mean PCr and Pi signal-time courses
showed similar PCr/Pi equilibrium levels during the second half of the exercise in all mus-
cles (Fig. 4.24). Table 4.6 summarizes all spectroscopic values and their age-related ratios are
displayed in Fig. 4.23. As expected from muscle physiology, PCr hydrolysis was consistently
111
4 Quantitative MRI and MRS of muscle function
Figure 4.23: Age-related differences of pre- (a) and post-exercise (b) muscle functional MR
parameters as well as their response factors (c) for the different lower back muscles (gray-shaded
bars). For illustration purposes, vascular volume fractions (f) were re-scaled in each bar plot
(see labeling of the right y-axes). Mixed model analyses yielded significant differences between
young and late-middle-aged subjects over all muscles for pre- and post-exercise Pi/ATP, D and
f values and for pH obtained during rest (p < .05, marked with †).
reflected in significantly reduced PCr/ATP levels (≈ 30%) during exercise in all muscles (state:
p < .001). No PCr/ATP differences were observed between the groups (age: p = .476).
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Table 4.5: Extracted pre- and post-exercise mfMRI parameters (mean ± SD).
right ES right MF left MF left ES
T2,rest [ms] young 26.5 ± 1.8 26.7 ± 1.4 27.2 ± 1.2 27.4 ± 1.5
old 25.7 ± 1.1 26.9 ± 1.0 26.7 ± 1.3 25.9 ± 1.1
T2,load [ms] young 29.6 ± 3.1 29.1 ± 2.9 29.2 ± 2.6 28.6 ± 2.2 ∗
old 27.5 ± 1.5 28.9 ± 1.9 28.3 ± 1.5 27.3 ± 1.7 ∗
(T2,rf − 1) · 100% young 11.72 ± 11.07 9.27 ± 10.59 7.53 ± 9.73 4.36 ± 7.11
old 7.27 ± 4.95 7.40 ± 5.85 5.85 ± 5.78 5.33 ± 5.27
frest [%] young 5.74 ± 2.11 7.92 ± 2.88 8.86 ± 3.59 6.32 ± 3.08 †
old 3.20 ± 2.44 5.08 ± 2.39 5.02 ± 2.38 3.62 ± 2.44 †
fload [%] young 8.89 ± 2.27 11.28 ± 2.55 10.71 ± 3.23 8.42 ± 3.12 ∗†
old 4.49 ± 2.86 5.62 ± 3.35 7.13 ± 3.48 4.64 ± 3.38 ∗†
frf [p.p.] young 3.14 ± 2.92 3.36 ± 3.73 1.85 ± 3.06 2.10 ± 3.15
old 1.30 ± 2.16 0.54 ± 2.98 2.12 ± 4.02 1.01 ± 2.89
Drest [10−3 mm2/s] young 1.69 ± 0.06 1.70 ± 0.05 1.69 ± 0.05 1.69 ± 0.09 †
old 1.67 ± 0.06 1.64 ± 0.07 1.65 ± 0.05 1.72 ± 0.07 †
Dload [10−3 mm2/s] young 1.74 ± 0.08 1.75 ± 0.05 1.72 ± 0.07 1.72 ± 0.09 †
old 1.68 ± 0.07 1.64 ± 0.05 1.64 ± 0.06 1.70 ± 0.09 †
(Drf − 1) · 100% young 3.13 ± 3.44 3.26 ± 4.50 2.03 ± 4.68 1.81 ± 4.81
old 1.69 ± 0.06 1.70 ± 0.05 1.69 ± 0.05 1.69 ± 0.09
* Significant differences between pre- and post-exercise values in both age groups and over all
muscles (p < .05); † Significant differences between young and late-middle-aged subjects in
each state and over all muscles (p < .05).
Hence, the effect of exercise on PCr/ATP was not significantly different between young and
late-middle-aged subjects, albeit showing an inhomogeneous response factor pattern across the
different muscles (Fig. 4.23c). Rest and load Pi/ATP ratios were both significantly higher in the
late-middle-age group (age: p = .022, Fig. 4.23). Due to the simultaneous accumulation of Pi
with PCr hydrolysis, mean exercise-induced Pi/ATP increases between approximately 85-135%
and 104-165% were observed in the young and late-middle-aged subjects, respectively (state:
p < .001, Tab. 4.6). Thereby, a trend toward stronger Pi/ATP increases in the late-middle-aged
subjects was observed for all muscles (interaction between state and age: p = .101; Fig. 4.23c).
Phosphorus spectra were further analyzed to determine pH during rest and load, which showed
significant decreases during exercise only in the muscles of young subjects (significant interac-
tion between state and age: p = .003). The late-middle-aged subjects had significantly lower
pH during rest, which remained nearly constant during load (Fig. 4.23a; Tab. 4.6). Hence,
exercise-induced pH changes of late-middle-aged subjects were significantly lower compared to
the young age group.
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Figure 4.24: Comparison of normalized mean PCr (upper curve) and Pi (lower curve) time
courses obtained in different low back muscles of young (black symbols) and late-middle-aged
subjects (gray symbols). The unilateral error bars indicate the SD of each group. In general,
all muscles show similar transient metabolic changes in both age groups. However, late-middle-
aged subjects showed higher Pi/ATP increases in all muscles.
Interrelations between MR response factors and RPE
Statistical results (p-values) of the mixed model analyses that were obtained by modeling
the mfMR response factors are summarized in Tab. 4.7. First, it was tested whether the re-
sponse factor T2,rf was affected by the response factors of diffusion, vascular volume fraction
and metabolism. In this connection, the response factors Drf (p = .019), frf (p < .001) and
PCr/ATPrf (p = .011) serving as covariates each revealed a significant and age-dependent ef-
fect on T2,rf (interaction between covariate and age: p < .05; except for Drf), whereas pHrf
and Pi/ATPrf did not. All investigated mixed models for T2,rf listed in Tab. 4.7 yielded a
significant effect of muscle, with T2,rf of the right ES being significantly higher compared to
the left ES. Concerning age, only the mixed model with covariate PCr/ATPrf revealed a sig-
nificant effect on T2,rf . Overall, these findings support the hypothesis that T2 alterations are
causally determined by changes in muscle metabolism, diffusion and vascular volume fraction,
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Table 4.6: Determined 31P-MRS quantities during rest and load (mean ± SD).
right ES right MF left MF left ES
PCrrest/ATPrest [a.u.] young 2.26 ± 0.28 2.27 ± 0.29 2.12 ± 0.25 2.05 ± 0.24
old 2.33 ± 0.26 2.26 ± 0.22 2.19 ± 0.23 2.13 ± 0.26
PCrload/ATPload [a.u.] young 1.62 ± 0.25 1.48 ± 0.23 1.40 ± 0.22 1.40 ± 0.25 ∗
old 1.55 ± 0.45 1.48 ± 0.35 1.52 ± 0.35 1.61 ± 0.34 ∗
(PCr/ATPrf − 1) · 100% young -27.9 ± 12.6 -34.1 ± 11.1 -33.7 ± 10.1 -31.5 ± 11.0
old -33.9 ± 15.9 -34.7 ± 12.8 -31.0 ± 12.7 -24.0 ± 14.3
Pirest/ATPrest [a.u.] young 0.34 ± 0.06 0.30 ± 0.06 0.30 ± 0.05 0.33 ± 0.06 †
old 0.36 ± 0.12 0.33 ± 0.10 0.33 ± 0.09 0.38 ± 0.11 †
Piload/ATPload [a.u.] young 0.68 ± 0.09 0.68 ± 0.12 0.65 ± 0.13 0.61 ± 0.11 ∗†
old 0.81 ± 0.17 0.81 ± 0.17 0.78 ± 0.16 0.72 ± 0.17 ∗†
(Pi/ATPrf − 1) · 100% young 111.2 ± 60.5 135.7 ± 54.7 122.5 ± 42.7 85.2 ± 40.5
old 129.7 ± 60.1 164.8 ± 77.0 154.3 ± 90.8 103.9 ± 85.7
pHrest young 6.99 ± 0.05 6.98 ± 0.04 6.99 ± 0.03 6.99 ± 0.03 ‡
old 6.94 ± 0.03 6.93 ± 0.03 6.94 ± 0.03 6.95 ± 0.04 ‡
pHload young 6.94 ± 0.05 6.94 ± 0.04 6.94 ± 0.04 6.93 ± 0.04
old 6.94 ± 0.07 6.93 ± 0.04 6.94 ± 0.05 6.94 ± 0.05
(pHrf − 1) · 100% young -0.72 ± 0.76 -0.62 ± 0.68 -0.69 ± 0.70 -0.81 ± 0.66
old 0.02 ± 1.11 -0.01 ± 0.49 0.03 ± 0.48 -0.16 ± 0.76
* Significant differences between pre- and post-exercise values in both age groups and over all
muscles (p < .05); † Significant differences between young and late-middle-aged subjects in
each state and over all muscles (p < .05); ‡ Significant differences between young and late-
middle-aged subjects only in the corresponding state and independent of muscle (p < .05).
whereas muscle activation induced by sustained load seems not markedly associated with age.
Secondly, effects of the individually perceived exertion (RPE) on the different mfMR response
factors were evaluated separately (Tab. 4.7). Significant effects of RPE on T2,rf (p = .003)
and frf (p = .044) were found, while only a (strong) trend was observed with regards to Drf
(p = .066). Except for T2,rf (interaction between covariate and age: p = .048), these effects
were independent of age. Slight trends of RPE in affecting PCr/ATPrf (p = .149) or Pi/ATPrf
(p = .187) were also seen and RPE was associated with pHrf dependent of age group (due to
absence of pH changes in late-middle-aged subjects, this association can be assigned to pHrf
of young subjects). Significant effects of muscle in models of the different response factors ad-
justed for the covariate RPE were observed for T2,rf (inter-muscular differences between right
muscles and left ES), Drf (not locatable), PCr/ATPrf (right MF vs. left ES) and Pi/ATPrf
(right ES vs. right MF and left ES vs. bilateral MF). Contrary, no significant effect of age was
observed in the different models, which support the notion that the level of muscle activation
measured by T2- and IVIM-based mfMRI is maintained during healthy aging and is associated
with the perceived level of exertion.
115
4 Quantitative MRI and MRS of muscle function
Table 4.7: Determined p-values of corresponding mixed model effects (covariates) on different
mfMRI/MRS response factors (dependent variables).
dependent
variable
covariate effect of
muscle
effect of
age group
effect of
covariate
interaction between
covariate and age
T2,rf PCr/ATPrf <.001 0.030 0.011 0.002
T2,rf Pi/ATPrf 0.003 0.966 0.507 0.417
T2,rf pHrf 0.001 0.932 0.219 0.307
T2,rf frf 0.009 0.489 <.001 0.025
T2,rf Drf 0.011 0.868 0.019 0.288
T2,rf RPE <.001 0.073 0.003 0.048
PCr/ATPrf RPE 0.034 0.652 0.149 0.619
Pi/ATPrf RPE <.001 0.936 0.187 0.694
pHrf RPE 0.626 0.124 0.854 0.018
frf RPE 0.620 0.151 0.044 0.076
Drf RPE 0.043 0.701 0.066 0.451
Bold: Statistical significance of the fixed effect in the mixed model (p < .05).
Structural parameters and their effect on muscle function
Structural features of the lower back muscles were examined by analyzing the high-resolution
T1-weighted MR images. The ROI based results are summarized in Tab. 4.8. Cross-sectional
muscle areas (CSA) and anthropometric normalized CSA (nCSA) of the MF and the right ES
were lower in late-middle-aged subjects although statistically not significant. The skewness of
the intensity histograms, which was selected as a marker of age-related fat infiltration, was
significantly higher in the late-middle-aged compared to the young subjects (p < .05). Higher
positive skewness values indicated more right-shifted asymmetric voxel intensity distributions
due to fat accumulation in muscle tissue (compare Fig. 4.25).
Table 4.8: Structural parameters obtained via anatomic MRI analysis (mean ± SD).
right ES right MF left MF left ES
CSA [cm2] young 16.56 ± 3.30 7.39 ± 1.77 7.85 ± 2.31 15.91 ± 2.57
old 16.14 ± 2.25 6.39 ± 1.28 6.48 ± 1.40 15.94 ± 2.25
nCSA [cm2/kgm] young 1.34 ± 0.30 0.60 ± 0.18 0.64 ± 0.22 1.29 ± 0.24
old 1.31 ± 0.28 0.51 ± 0.10 0.52 ± 0.10 1.29 ± 0.27
skewness [a.u.] young 0.27 ± 0.50 0.50 ± 0.68 0.56 ± 0.87 0.13 ± 0.50 †
old 0.93 ± 0.43 0.94 ± 0.60 0.76 ± 0.63 0.85 ± 0.45 †
† Significant differences between both cohorts independent of muscle (p < .05).
Partial correlations between MVC, UBTR, CSA, nCSA, skewness and mfMR parameters
(pre- and post-exercise MR values and response factors, which were intra-individually averaged
across the muscles) were computed while considering the effects of age. A positive partial
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Figure 4.25: Comparison of anatomic T1-weighted MR images and corresponding ROI-specific
signal intensity distributions in a young (top row) and in a late-middle-aged subject (bottom
row) yielding more asymmetric (right-tailed) histograms in the older volunteer, thus indicating
higher intra-muscular fat infiltration with age.
correlation coefficient was obtained between the bilaterally summed nCSA of MF and UBTR
(ρp = 0.42, p = .03; illustrated in Fig. 4.26a), whereas the nCSA values of ES exhibited only a
trend with higher UBTR values (ρp = 0.27, p = .17; Fig. 4.26b). On the other hand, partial
correlations between CSA and MVC revealed no positive relationships (not shown), indicating
the importance of considering anthropometric measures when analyzing mass and strength
of back extensor muscles. UBTR showed significant partial correlations with mean T2,rest
(ρp = 0.41, p = .03; Fig. 4.26c) and body fat fraction (ρp = −0.44, p = .02; Fig. 4.26e), but
only insignificant associations with mean Pi/ATPrest (ρp = −0.26, p = .19; Fig. 4.26d) and
mean skewness (ρp = −0.27, p = .18; Fig. 4.26f). Skewness was positively correlated with
body fat fraction (ρp = 0.39, p = .04; Fig. 4.26g) and BMI (ρp = 0.35, p = .07), and yielded
a significant inverse relationship with fload (ρp = −0.45, p = .02; Fig. 4.26i) but not with frest
(ρp = −0.19, p = .33; Fig. 4.26h). Lastly, fload correlated well with BMI (ρp = −0.46, p = .02)
and body fat fraction (ρp = −0.45, p = .02). Other partial correlations revealed that neither
parameters of muscle strength (MVC, UBTR) or muscle mass (CSA, nCSA) nor fat infiltration
(skewness) had any significant effect on muscle activation or basal MR parameters (except for
T2,rest).
4.5.3 Discussion
The aim of this study was to examine age-related differences in spin-spin relaxation, metabolic,
perfusion and diffusion parameters and their load-induced changes in isometrically exercised
lower back muscles. Additionally, muscle cross-sectional areas and fat infiltration into muscle
tissue were determined by analyzing T1-weighted MRI data. In light of the similar mfMR
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Figure 4.26: Associations between muscle strength UBTR and different parameters (a-f) as
well as between body fat fraction and skewness (g), and vascular volume fraction and skewness
(h-i) determined by partial correlations of data obtained in young (gray) and late-middle-
aged (black) subjects. UBTR was separately compared with bilaterally summed nCSA of the
MF (a) and ES (b), with mean T2,rest (c), mean Pi/ATPrest (d), body fat fraction (e) and
mean skewness values (f). The legends list determined partial correlation coefficients and the
corresponding p-values (in brackets).
response factors (except for pH) and comparable RPE values in both age groups, muscle acti-
vation following moderate loads appears to be age independent. This is in line with previous
studies, which reported similar endurance times and RPE in young and late-middle-aged sub-
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jects during Sørensen trunk holding tests [Champagne et al., 2009; Yassierli et al., 2007].
However, the mfMR response factors and RPE in our study showed high inter-subject variabil-
ity that was analyzed by means of mixed models to explore age-specific associations between
particular parameters. Thereby, significant effects of RPE on the response factors T2,rf , frf
and nearly on Drf and pHrf (only in the young cohort) were documented indicating a link
between mfMRI parameter changes and the perceived exertion level (Tab. 4.7). Furthermore,
the models including RPE as covariate yielded no age-specific differences of different response
factors, which again support the notion that moderate muscle activation during sustained back
extension does not change with age.
The metabolic parameters were not associated with RPE, but PCr/ATPrf showed significant
interrelation with T2,rf (Tab. 4.7), which supports the previously reported hypothesis that
metabolic changes underlie exercise-induced T2 alterations [Bendahan et al., 2004; Damon
et al., 2002a; Saab et al., 2000]. With reference to recent reports of increased extra-cellular
fluid volume [Ababneh et al., 2008; Morvan and Leroy-Willig, 1995] and elevated micro-
vascular perfusion associated with load-induced T2 changes [Hiepe et al., 2014a; Schewzow
et al., 2015], the response factors Drf and frf were separately included in the mixed models of
T2,rf . Here, both age groups showed a significant effect of both response factors on T2,rf , which
is in agreement with the above mentioned studies. The impact of Drf on T2,rf was, however,
smaller than compared to frf . The latter finding is in line with the previously reported study
[Hiepe et al., 2014a]. Regarding the fact, that diffusion changes reflect the swelling of the
muscle cells during exercise due to intra-cellular water accumulation (myofibrillar response),
the observed association between Drf and T2,rf can be ascribed to the relation between fiber size
(fiber CSA) and muscle T2. Overall, combined application of T2 and diffusion-weighted mfMRI
as well as of 31P-CSI was able to identify the tight couplings between metabolic, structural and
vascular activity with muscle T2 in both age groups.
Heterogeneous activation patterns across the exercised low back muscles were observed
in both groups with higher T2 changes in the right body side (significant difference between
the T2,rf of the right and the left ES). Compared to young subjects, this asymmetric activation
pattern was not observed for D and f and was less pronounced for T2 in the late-middle-age
group. However, it can be argued that these patterns are related to the right-handedness of
the examined subjects and that larger comparative studies including left-handed subjects are
required to verify this hypothesis in the future.
Reduced UBTR with age together with unchanged fatigability during sustained loads
[Champagne et al., 2009; Yassierli et al., 2007] and similar recovery times [Kurz et al., 2014]
is in good agreement with findings of previous back muscle studies. In order to identify mor-
phological factors potentially underlying this age-related muscle strength decline and individual
fatigability during moderate loads, muscle cross-sectional area (CSA) and anthropometrically-
normalized CSA (nCSA, Tab. 4.8) were analyzed in this study. As a result, there was only a
non-significant trend of lower CSA and nCSA in late-middle-aged subjects with higher age-
related changes of CSA and nCSA in the MF compared to the ES. Hence, lower UBTR with
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age cannot be solely caused by a loss of muscle mass, but obviously includes other factors as
reported previously [Goodpaster et al., 2006]. However, the individually normalized muscle
volume was positively correlated with muscle strength in both age groups (nCSA vs. UBTR),
which is in line with literature [Goodpaster et al., 2006]. As these correlations were only
significant in MF but not in ES, it may be concluded that MF is the main contributor dur-
ing back extension at maximum voluntary intensity. This notion is supported by a previous
mfMRI study, which reported larger T2 increases in MF than in ES at different exercise in-
tensities [Mayer et al., 2005]. Contrary to the observed association between muscle nCSA
and UBTR, these parameters were not significantly associated with different mfMR response
factors indicating that muscle activation at moderate work loads is independent of morphology
and strength of back muscles.
The age-related decline of maximum force capacity has partly been ascribed to a loss of
(contractile) muscle mass due to decreased numbers of muscle fibers and motor units as well
as to the atrophy of type II fibers [Goodpaster et al., 2006; Korhonen et al., 2006; Nilwik
et al., 2013]. Molecular diffusion coefficients are sensitive to muscle fiber structure and
were found to be reduced with age (Tab. 4.5), which is in good agreement with a previous
lumbar muscle study [Yanagisawa et al., 2009]. Since lower D values in muscle are mainly
due to by reduced radial diffusibility [Deux et al., 2008; Schwenzer et al., 2009; Sigmund
et al., 2014], this finding can be ascribed to a reduction of the mean fiber diameter as it
occurs during atrophic processes with age. However, D was not associated with CSA, nCSA or
UBTR indicating that age-related fiber-atrophic processes are not the only cause for the decline
of muscle mass or muscle strength. Muscle activation as reflected in the mfMR response factors
was also not affected by the reduced diffusion coefficients. The exercise-induced D increases,
which were insignificant in the present study and are caused by higher radial diffusibility due
to osmotic-driven intra-cellular water accumulation with accompanying cell swelling, showed
no statistical differences with age. The trend for smaller D changes in the late-middle-aged
subjects can be ascribed to less cell swelling due to atrophic processes.
The reduction of the apparent vascular volume fraction f with age in all muscles
before and after load represents one of the main findings of the present study (Tab. 4.5). This
may be ascribed again to age-related atrophic processes leading to reduced capillary density
(schematically illustrated in Fig. 4.27), which is in good agreement with a previous DWI study
of lumbar muscles [Yanagisawa et al., 2009] and other studies based on biopsy [Ryan et al.,
2006] or ASL [Wray et al., 2009]. In addition, f mapping allowed us to identify muscle-
specific vascular volume fractions, which were significantly higher in MF compared to ES in
both cohorts (discussed in section 4.4.3). After exercise, both age groups showed significant f
increases in all muscles confirming results of previous studies that applied ultrasound [Krix
et al., 2010], ASL [Wray et al., 2009] or T ∗2 -weighted imaging [Damon et al., 2007; Slade
et al., 2011]. Late-middle-aged subjects, however, revealed smaller f changes indicating an
age-related reduction in the ability to adapt O2 delivery to muscle tissue, which is again in line
with previous studies [Slade et al., 2011; Wray et al., 2009].
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This adaptation typically comprises rapid blood flow increase (hyperemic response) at the
beginning of the load and its stabilization during exercise, which is closely coupled to the
metabolic demand and thus to the generated muscle work [Krix et al., 2010]. As blood flow
is regulated by the interplay between neural vasoconstrictor activity and locally released va-
soactive substances inducing vasodilatation, adaptation of mean blood flow velocity (cardiac
response) or mean vessel cross-sectional area (vascular response) is obviously affected by age. In
line, peripheral vascular health, characterized by pulsatile arterial function and artery compli-
ance of the vessel walls, is well documented to decline with advancing age in humans [McVeigh
et al., 1999] and it was shown that the arteriolar vasodilatory capacity and rate are reduced
with age in rats [Bradley et al., 2010; Jackson et al., 2010]. However, neither the reduced
blood volume fractions (frest and fload) nor the lower vascular responses (frf) affected muscle
strength or muscle activation significantly, which again supports the hypothesis that muscle
function at moderate loads is not markedly impaired during healthy aging.
Muscular fat infiltration is considered to be one major determinant of impaired muscle
function. Therefore, histogram skewness of the intensity distributions was analyzed based on
T1-weighted MR images (Fig. 4.25, Tab. 4.8). Previously, anatomic MR images were frequently
used to evaluate the intra-muscular fat content [Hebert et al., 2014; Kjaer et al., 2007;
Young et al., 2015]. However, the proposed approach provides only a rough estimate of intra-
muscular fat infiltration and does not enable direct determination of the fat fraction, like the
gold-standard method employing chemical shift-based water-fat MRI [Triplett et al., 2014].
Nevertheless, significantly higher skewness values were observed in the late-middle-aged sub-
jects confirming similar results observed in previous low back muscle studies [Hebert et al.,
2014; Kjaer et al., 2007]. Interestingly, determined skewness values were negatively associ-
ated with post-load vascular volume f (Fig. 4.26i), suggesting that fat inclusion significantly
affects vascular capacity and thus impairs muscle function with long-lasting, highly intense
loads. This observation is a major finding of the present study, which has not been reported
before and indicates that elevated fat infiltration lowers the hyperemic response by affecting
micro-vascular structure and circulation of vasoactive substances. Furthermore, skewness and
post-load f values were significantly related to the body fat fraction and BMI, whilst the re-
lationship between BMI and proton mobility in lumbar muscles has been reported previously
[Jones et al., 2013], and negative associations were found between body fat fraction and UBTR
(significant) as well as between skewness and UBTR (non-significant). Hence, age-related fat
infiltration represents an important marker for muscle function as it reduces vascular capacity
and potentially affects muscle strength and fatigability at high work levels. It is assumed that
atrophic processes lead to the replacement of contractile muscle and vascular tissue by fatty
connective tissue (as indicated by lower D and f values, respectively) and result in declined
force capacities with age.
Fiber type composition analysis based on histological studies indicated that age-related
changes in fiber typing may affect muscle strength negatively [Korhonen et al., 2006; Nilwik
et al., 2013]. As described above, the changes of the fiber composition may arise due to atro-
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Figure 4.27: Age-related changes of skeletal muscle physiology based on a three-compartment
model as viewed from the proposed multi-parametric mfMRI approach. The assumed model
includes a vascular, an extra- and an intra-cellular component as well as exchange between these
compartments. As indicated by the presented results, aging results in reduced cell diameters of
type II fibers and leads to fat infiltration, which hampers tissue perfusion and water-molecule
exchange.
phy and/or conversion of type II fibers. In our study, significantly higher Pi/ATP ratios were
observed in the late-middle-age group indicating reduced type II fiber fraction as reported pre-
viously [Madhu et al., 1996]. The presumption of age-related reduced type II fiber fractions
is further supported by significantly weaker pH shifts during exercise in the late-middle-age
group [Houtman et al., 2001]. Furthermore, since resting state T2 [Kuno et al., 1988] and
diffusibility D [Scheel et al., 2013] are positively related to type II fiber content, the reduc-
tions of these parameters seem again to confirm age-related type II fiber atrophy. Although
only a slight trend of lower UBTR with higher Pi/ATPrest was observed here, it was, however,
demonstrated that T2,rest and UBTR were significantly associated (Fig. 4.26). Regarding the
mentioned relationship between resting state T2 and type II fiber content, this finding reflects
the age-related decline of muscle strength due to atrophy or conversion of type II fibers. How-
ever, considering the fact that T2 comprises multiple contributors, such as intra-cellular water
content, fiber size, vascularity, fat infiltration and fiber type composition, the present findings
may be interpreted as follows: T2 of low back muscles predicts maximum force capacity when
taking fiber structure (as indicated by D), composition (Pi/ATP), vascularity (f) and fat in-
filtration into account. Observations of lower muscle T2 in subjects with a history of recurrent
LBP can consequently not be ascribed solely to higher glycolytic fiber fractions as has been
done before [D’Hooge et al., 2013], but have to be regarded in light of potential vascular and
structural impairments.
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However, all results still have to be interpreted with caution due to the small sample size (n =
14 in each group). To partly compensate for this, only male right-handed healthy volunteers
were included, allowing to avoid possible gender- and handedness-specific effects. Future work
is certainly needed on whether and how the results can be transferred to other age groups,
females, or left-handed subjects. Further limitations are due to the restricted comparability
between the mfMRI and MRS parameters as they were obtained in two separate sessions and
different TRs were applied for the age groups (0.92 s and 1.5 s). The latter leads to different T1-
saturation-related signal attenuations for PCr and Pi, which, however, were corrected based on
resting state T1-values from the literature. During steady-state aerobic exercise, as performed
in this study, T1-relaxation times of phosphorus metabolites are not changed statistically from
rest [Cettolo et al., 2006], and effects of different PCr and Pi signal attenuations in both
age groups can thus be neglected. Further issues, which are directly related to the applied MR
acquisition techniques, have already been discussed in sec. 4.4.3.
4.6 Limitations and open questions
Technical improvements of the proposed mfMR approach will certainly be beneficial for future
work. For instance, spatial resolution of T2-based mfMRI can be improved by using dual-echo
steady-state sequences, which further allow simultaneous quantitation of T2 and D in less than
a minute [Staroswiecki et al., 2012]. The micro-circulation in the muscular vasculature,
whose importance in controlling blood flow was highlighted in the present work and which
showed compromised arteriolar function with aging, can be alternatively investigated by means
of T ∗2 -weighted MRI [Damon et al., 2007; Schmid et al., 2014] or ASL [Schewzow et al.,
2015; Wray et al., 2009]. These techniques potentially provide higher sensitivity against
small vascular effects compared to IVIM. In addition, quantitative T ∗2 mapping can performed
based on data acquired with PROPELLER MRI, which is less prone to motion [Krämer
et al., 2012] and thus could provide information about muscle activation parameters, such as
blood oxygenation level and blood volume, during exercise [Hiepe et al., 2014c]. Improved
differentiation of exercise-induced changes of the fiber structure, as observed in the present
study, should be possible by applying single-shot STEAM DTI [Hiepe et al., 2014b] with
(differently) prolonged diffusion times in conjunction with the recently introduced random
permeable barrier model [Sigmund et al., 2014]. Alternatively, time and direction-dependent
diffusion parameters measured by means of diffusion kurtosis imaging are promising markers
for characterizing muscle tissue structure [Marschar et al., 2015]. Future research should
further benefit from high spatial resolution mfMRI by precisely analyzing activation patterns,
such as by means of cluster analysis, which potentially enables functional distinctions between
regions of muscle that were not seen with traditional analysis [Damon et al., 2003].
Direct combination of mfMRI and dynamic 31P-MRS measurements during exercise should
improve the investigations on the relationships between load-induced changes in T2, diffusion,
perfusion and energy metabolism, which were limited in the current studies due to separate
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acquisition of imaging and spectroscopic data. To this end, however, a novel design of an MR-
compatible ergometer is required, which allows isometric loading of the back muscles in supine
position and avoids movements of the subject during load. Such developments are currently
being undertaken in our lab [Hiepe et al., 2014c] and may over and above enable reliable
analysis of PCr recovery kinetics, which offers an alternate possibility to gain information
about the distribution of fiber types in muscles [Forbes et al., 2009; Wray et al., 2009].
Furthermore, quantitative fat-water MRI techniques [Triplett et al., 2014] should be applied
in order to obtain better understanding of fat infiltration processes and their consequences as
recent investigations demonstrated a general increase of intra-muscular fat infiltration in lean
muscle tissue during muscle degeneration after recovery from LBP [D’Hooge et al., 2012] or
during current low back and leg pain [Hebert et al., 2014].
Finally, in order to analyze muscle activation with respect to neuronal activity, which be-
comes increasingly important in clinical decision making to guide, e.g., exercise therapy inter-
ventions for LBP patients, mfMRI could be combined with electromyography measurements
[Clark et al., 2009; D’Hooge et al., 2013; Dickx et al., 2010b]. These research efforts are
warranted to further characterize lumbar muscle degeneration and to establish relationships
between changes in structural, vascular or neuronal properties and the risk of LBP. In particu-
lar, mfMRI has tremendous potential for the evaluation of muscle recruitment patterns in LBP
patients providing insight into LBP pathology and may thus help to improve exercise programs
in current rehabilitation strategies. From this clinical perspective, the presented low-load ex-
ercise protocol is highly relevant to identify lumbar muscle dysfunction during the remission of
LBP and may be valuable to optimize rehabilitation strategies, which focus on stabilizing mus-
cles [D’Hooge et al., 2013]. Moreover, the proposed multi-parametric mfMRI can be applied
to other muscles as well (where imaging does not suffer from motion-induced artifacts) and
may indeed prove themselves as being indispensable by providing valuable information about
degeneration-related changes and functional impairments in skeletal muscles.
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In the first part of this thesis the feasibility of extracting the 3D architecture of skeletal muscles
in vivo with high spatial resolution on a clinical MRI scanner was demonstrated by introducing
turbo-STEAM DTI and using an animal model [Hiepe et al., 2014b]. Although the resolu-
tion of MRI generally precludes direct observations at the microscopic scale, high-resolution
turbo STEAM DTI with subsequent fiber tractography allowed for indirect inferences about
the micro-architecture of rabbit shank muscles and provided a multitude of functionally sig-
nificant structural information. The subsequent post mortem validation study confirmed the
architectural parameters, like pennation angle and fascicle length, derived from the DTI data
[Schenk et al., 2013]. Turbo-STEAM DTI therefore represents a promising approach for high-
resolution DTI of skeletal muscle tissue enabling the delineation of small muscle cross-sections
and divergent fiber patterns in multi-pennate muscles.
In a human pilot study turbo-STEAM DTI was applied to a cohort of volunteers and pa-
tients in order to identify structural changes due to muscle injuries induced by surgical posterior
spinal fusion. Thereby, it was demonstrated that the proposed method is sensitive to degen-
erative changes of the back muscles and it was concluded that with further improvements of
the DTI sequence and the post-processing routines turbo-STEAM DTI will play a prominent
role in performing clinical studies of degenerative muscle tissue changes. Another important
aspect of the future applications based on turbo-STEAM DTI relies on the implementation of
sophisticated bio-mechanical finite element (FE) models. The techniques’ capability to provide
3D information of the muscle architecture may serve as the basis for the generation of indi-
vidualized 3D bio-mechanical finite element (FE) models, which help to simulate contractile
behavior realistically, and that can be used to obtain deeper insights into fatigue effects and
damage aspects as well as to design prostheses or medical devices.
The second part of this work analyzed in great detail the effects of different muscle func-
tional MRI (mfMRI) parameters in exercised human back muscles. In particular, the effects of
the high-energy metabolite turnover and vascular volume fraction on load-induced T2 changes
in the low back muscles of young, healthy subjects were determined [Hiepe et al., 2014a].
To this end, quantitative T2-weighted MRI, 31P-CSI and diffusion-weighted MRI (DWI) were
combined during functional MRI investigations of back extensor muscles, which were loaded by
using a dedicated MR-compatible ergometer. Despite some limitations regarding the number of
study participants and the comparability between the separately determined parameters from
the imaging and spectroscopic experiments, the proposed multi-parametric mfMRI approach
enabled the examination of the combined metabolic and vascular effects on muscle T2. It was
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demonstrated that exercise-induced T2 increases strongly vary among subjects and that they
are associated with changes in vascular volume fraction f and high-energy metabolite PCr
as well as with the degree of perceived exertion (RPE). Overall, the results impressively sug-
gest that T2- and perfusion-sensitive mfMRI based on DWI are able to identify and monitor
important physiological changes during muscle fatigue with high spatial resolution. Addition-
ally, the results underpin the validity of the applied set of MRI techniques and strengthen the
evidence that these techniques, though rather complementary than competitive, can be used
independently to assess muscle activity.
As a first attempt to understand the complex physiological interplay that takes place during
muscle activation under normal conditions with respect to age, the proposed set of mfMRI
techniques was applied to the back muscles of young and late-middle-aged healthy subjects
[Hiepe et al., 2015]. The mfMRI protocol was extended by T1-weighted anatomic MRI, which
provides information about muscle cross-sectional area (CSA) and fat infiltration. Significant
age-related changes of CSA, fat infiltration, T2 relaxation times, diffusibility (D), vascular vol-
ume fraction (f) and metabolic parameters (PCr, Pi, pH) were identified. These changes were
attributed to atrophic processes, which result in a loss of contractile muscle tissue, decreased
fiber size, reduced vascular capacity and modified fiber type composition. Interestingly, fat
infiltration and vascular volume fraction (measured post-exercise) showed an inverse associa-
tion, which was so far reported for the first time. The late-middle-aged group had reduced
maximum force capacity of the back extensors (UBTR) compared to the young age group,
which was linked to elevated fat infiltration limiting the vascular capacity and to atrophy of
type II fibers rather than to changes of the back muscle volume. Although muscle quality was
reduced, the older age group nevertheless showed statistically unchanged exercise-induced MR
parameter changes (response factors) indicating maintained muscle endurance of moderately
exercised low back muscles. In addition, both age groups yielded mfMRI response factors that
were associated with RPE and correlated among each other supporting the hypothesis that T2
changes in exercised skeletal muscle are closely linked to blood volume and metabolic changes.
Overall, investigation of physiological mechanisms influencing force capacity and endurance
of skeletal muscles with respect to age provide deeper insights into muscle physiology. Fur-
thermore, the data presented in this thesis may serve as basis for future research of muscle
activation behavior under normal and patho-physiological conditions, such as in the field of
non-specific low back pain. In addition, the proposed multi-parametric mfMRI can be used to
support the implementation of bio-mechanical FE models in order to accurately simulate and
investigate the processes of muscle fatigue and muscle failure. Finally, quantitation of muscle
activation (patterns) may become increasingly important in clinical decision making to guide,
e.g., exercise therapy interventions.
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